UC Berkeley

Earlier Faculty Research

Title
High Coverage Point to Point Transit (HCPPT): A New Design Concept and Simulation-
Evaluation of Operational Schemes

Permalink
https://escholarship.org/uc/item/3s40m0jlQ
Author

Cortés, Cristidn Eduardo

Publication Date
2003

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/3s40m0jb
https://escholarship.org
http://www.cdlib.org/

UNIVERSITY OF CALIFORNIA,
IRVINE

High Coverage Point to Point Transit (HCPPT): A New Design Concept
and Smulation-Evauation of Operational Schemes

DISSERTATION

submitted in partia satisfaction of the requirements
for the degree of

DOCTOR OF PHILOSOPHY
In Civil Engineering

by

Cristian Eduardo Cortés

Dissertation Committee:
Professor R. Jayakrishnan, Chair
Professor Wilfred W. Recker
Professor Amelia C. Regan

2003



© 2003 Cristian Eduardo Cortés



The Dissertation of Crigtidn Eduardo Cortés is gpproved
and is acceptable in quaity and form for publication on
microfilm:

Committee Chair

UNIVERSITY OF CALIFORNIA, IRVINE
2003



TABLE OF CONTENTS

Pege
LIST OF FIGURES ... .o e e e e e e e e e e Viii
LIST OF TABLES ... e e e e e ee Xii
ACKNOWLEDGEMENTS ... e e e e e e e aeaans Xii
CURRICULUM VITAE. ... e Xiv

ABSTRACT OF THE DISSERTATION.. ...ttt e Xviii

CHAPTER 1: INTRODUCTION

1.1 Motivation and problem definition .............ccocoeiiiiiin e, 1
1.2 Research direction and methodology ...........coooviiiiiiiiiiiii i, 13
1.3 Outline of the dissertation ...........cvvviiiiii e 16

CHAPTER 2: GENERAL BACKGROUND: DESCRIPTION OF TRANSIT
SYSTEMSAND SOLUTION ALGORITHMS
2.1 Description and festures of flexible trangit system........................ 18
2.2 The genera pick-up and delivery problem: consderations, redtrictions

and heurigtics dgorithms to solve the problem under specific

CONTITIONS. .. ..t e 20
2.3 Exact and heurigtic dgorithms for solving DRT routing and

SChEdUIING ... 28

231 GENEalitiES. ... 28

2.3.2Technological ISSUES ........vieiiiie e 29

2.3.3 Devdopment of solution dgorithms .............ocoeviviininns 32



2.3.3.1 Andytic modds of many-to-many trangportation systems 34
2.3.3.2 Exact and heuridtics dgorithms for solving did-a-ride

routing and scheduling problems............................ 35
2.4 Mixed sarvices: various gpproaches and solution algorithms ........... 52
25 FiNal remarks........ooveie i 56

CHAPTER 3: RESEARCH APPROACH: THE PROPOSED CONCEPT

3.1 Genera CONSIAEratioNS. .. ....c.veine i e e 58
3.2 High Coverage Point-to-Point Trangt (HCPPT): The proposed

(00 10 o S 61
3.3 Feasibility TUAY ..o 66
3.3.1 Smulation scheme and computationa implementation........... 66
3.3.2 Smulation assumptions and preliminary results .................. 70
3321 GENEAtIES. .. ettt 70

3.3.2.2 Pick up decison: Smplified cost functions and routing
Agorithms ... 73
3.3.23Casestudy resultS........ovvieie i 78
SAFNA reMaKS ... e e e 82

CHAPTER 4: HEURISTIC RULES FOR ROUTING-SCHEDULING HCPPT:

THE DYNAMIC CASE
A1 GENENAlitiES ..o oe e e 88
4.2 BasiCAEfINITIONS. ... ovie it vt 98
4.3 Scheduling-routing rules. vehicle assgnment to serve anew pick-up
150 1. 105
4.3 1 DEterMINISHC CASE. ... ettt i et e e e aenas 106
4.3.1.1 Totd waiting time cost calculation........................... 109
4.3.1.2 Passenger group conditions for cost caculations........... 113
4.3.1.31Incremental COSL.....vvnniniiieie e e e e, 115
VIRCHZES (001" = (o o= S < TP 125
4.3.2.1 Expected vehicle travel time components................... 126



4.3.2.2 Expected vehicle load components.............cccoeeevenin
4.3.2.3 Incrementa cost formulation.............c.oovviviiininnnn.n.
4.3.3 Insartion dgorithm: description and performance of the
algorithm ...
4.4 Scheduling-routing rules. adjustment of vehicle schedules............
4.5 Scheduling-routing rules: initid delivery tour condruction ...........
4.6 Heurigtics rules for improving system performance....................
4.6.1 Non-reroutable portion of vehicle routes: heurigtics for improving
PETOIMMANCE ...\ttt e e e e
4.6.1.1 Queuing strategy at hubterminals...........................
4.6.1.2 Holding vehiclesat hub StopsS ...........ccovviviiieinnn,
4.6.2 Reroutable portion of vehicle routes: heurigtics for improving
PETOIMANCE ...t e
4.6.2.1 Default vehicle repogitioningrule ............o.ooceeeeee.
4.6.2.2 Trangtion from reroutable to non-reroutable portion rule..
4.7 Red network HCPPT routing algorithms ............covvviiienennnn,
A8 FINal remMarks........ooeii e

CHAPTER 5: ANALYTICAL MODELING OF STOCHASTIC REROUTING
DELAYSFOR DYNAMIC MULTI-VEHICLE PICK-UP AND
DELIVERY PROBLEMS

o300 1 11 0o [0 Tox 1 o o TS PP
5.2 Notation adjustmentsS .........c.oiiiie e e e

5.3 Elements of adaptive predictive control theory ..............ccoeveeiiennen
5.4 Stochadtic rerouting delay for dynamic vehicle routing: an adaptive

predictive control approaCh. ...........evviiiiiii
5.5 Stochadtic rerouting delay for dynamic vehicle routing: generd

formulation and solution agorithms..............oooi,

5.5.1 GENEaAlitiES. ...
5.5.2 Problem description ...........ccooiiiiie i e

5.5.3 Andyticd formulation of the problem and solution methodology

127
130

138
143
147
148

151
151
164

165
165
167
170
172

173
176
177

185

193
193
198
201



5.5.3.1 In-advance reassgnments. Scenario (A)............cceveevenn.. 201
5.5.3.2 Sudden reassgnments: Scenario (9).......covvvveviiieninennn. 228
5.6 Stochadtic rerouting delay for dynamic vehicle routing: data collection
and model calibration ...........c.oouiiiiii s 249
5.7 FiNal remMarks. ... ...oiuiie i 254

CHAPTER 6: SMULATION OF HCPPT IN URBAN TRANSPORTATION

NETWORKS
G200 1 o U T 1 o o P 256
6.2 Classfication of Smulationtypes ..........ccovvvviiiiiiiiii e, 259
6.3 Capabilities of current microscopic Smulators in modeling non-auto
L o 263
6.4 Specia techniquesto Smulate trangt systems............c.covvvvenenen. 264
6.5 Network hierarchy and network Szeissues..........ccooevveviviieennns 265

6.6 A generd purpose scheme for smulation of multiple classes of vehides

AN VB . . e et e e e e e 271

H O P P T . e 279
6.7.1 General CONSIAErationS. .......cvviuviriie e 279
6.7.2 Communicationinterface ..........cooooov i, 282
6.7.3 Generation of parametricdemand..................ccoeee i 285
6.7.4 Passenger pooling mMOdeling ........coevveieiiiiiie e 287
6.7.5 Vehicle generation, path modeling and routing..................... 290
6.7.6 Passenger and vehicle data structures speciad managemert ...... 293
6.7.7 Network connectivity constraintS ............coovvvvvevevinnennnnn 294
6.7.8 Handling vehicle stoppage and treatment of terminds............ 295
6.7.9 Point-to-point shortest path routine .............coovvviiiivnennnn. 297

6.7.9.1 GENEralities. .. ...oove e e 297
6.7.9.2 The proposed stop-to-stop shortest path dgorithm.......... 300
6.7.9.3 Graphical example...........ccooviiiiiiii 308
B.8 FINal reMarKS. .....ceiiee e 311



CHAPTER 7: SMULATED CASE STUDY

7.1 Description of Smulation SCenarios........ covvvevieviiiieieieennn.

7.1.1 Network and demand considerations...............ccoveeveevnnne
7.1.2 Design CoNSIAEratioNS ......vvvveeeiieneeeieiiiee e e e
7.1.2.1 Design of clustersand hub locations ........................

7.1.2.2 Treatment of trunk and surface street networks............
7.1.3 Design of aHCPPT system under specific passenger demand

[o0) 010 (11100 TP

7.1.4 Specific routing and scheduling rules gpplied to different cases

7.2 Numerica impact of HCPPT ... e,
2.0 OVEIVIBW . .o e e e e e e e e e e e,
7.2.2 Cdibration of Stochastic ModalS ... v i

7.2.3 Summary and analysis of smulationresults ..o,

T3HNA FEMAIKS. ..o e e e e

CHAPTER 8 SUMMARY AND CONCLUSIONS
8.1 Summary of the disSertation.............covieiiiii i
8.2 Conclusions and PoliCY ISSUES. .....cvvvviee veviiieiei e e

S B FUMNE 1€ CN. .o e e e

831 Treatment of thedemand ............ccooeiiieii i,

B3 LIREEVANCE ...
8.3.1.2Methodology ......covvvviiiiii

8.3.2 Adjustment of control strategies and optimdlity .................

8.3.3 Improvement in smulationscheme .............covvieee v

8.3 4 O her 1SSUBS ... e e e e e

REFERENCES ... o e e
APPENDIX TO CHAPTER ... ... e
APPENDIX TO CHAPTERS. ...

Vi

312
313
319
319
322

326
332
341
341
341
349
356

358
361
368
368
368
369
377
379
380

382
390
398



Figure 1.1

Figure 1.2

Figure2.1

Figure 3.1
Figure 3.2
Figure 3.3

Figure 3.4

Figure4.1
Figure 4.2
Figure 4.3
Figure4.4
Figure 4.5

Figure 4.6

Figure 4.7

Figure 4.8

Figure 4.9

LIST OF FIGURES

Hypotheticd solution of alarge-scae stochastic pick-up
and ddlivery problem

Congrained design for solving of alarge-scale stochastic
pick-up and delivery problem

Timewindowsin ADARTW dgorithm, () for type-P
customers, (b) for type-D customers

A sample scheme of the proposed concept
Trave options from origin A to destination B
Vehicle schedule representation

r and f indicesand vehicle productivity
(Each Cuax shows a different routing pattern)

Initid schedules of vehidlesj and k.

Candidate insartions into the schedule of vehiclesj and k
Route adjustment impact

Stochediicity in travel time

Graphica representation of a vehicle sequence of stops

Waiting time cost component (total for al passengerson
board and waiting at the stop)

Insertion heurigtics example: swapping improvement
procedure

Computationd time comparison (algorithm versus
benchmark solution)

Vehicle schedul e representation

Viii

Page

10

45

62
63
69

85

91
92
94
96
106

110

140

142

150



Figure 4.10
Figure4.11
Figure 5.1

Figure 5.2

Figure 5.3

Figure5.4

Figure 5.5

Figure 5.6

Figure 5.7

Figure5.8

FHgure 5.9
Figure 5.10
Figure5.11

Figure5.12

Figure5.13

Figure 5.14

Figure 5.15

Figure 5.16

Hub area digtribution of hexagond cells
Termina passenger assgnment representation
Overdl block diagram of a predictive control system

Definition of the optimization problem for model
predictive control

Overdl block diagram of an adaptive predictive control
system

Graphica representation of controller actions u(s)

Overdl block diagram of an APA gpproach for
computing Stochagtic Rerouting Delay

Graphica representation of a vehicle sequence of stops

Possible reassgnment of vehicle origind routein both
scenarios

Sagment (k,k +1) catchment area
Insertion of new cdl g representation
Interpreting the probability of pick-up assgnments

Branched process approach (BPA) tree example

Probability of arrival of an arbitrary customer on segment

(k,k +1)

Expected number of ddliveries on segment (k,k +1) from

a gpecific preceding segment
Iterative process to compute E[ DI, (k,k +1)] ,
Possible sudden scenario insartion

Case 1. insartion request

153

155

181

182

184

190

190

199

200

204

207

221

222

225

227

227

234

235



Figure5.17

Figure 5.18

Figure5.19

Figure 5.20

Figure 5.21

Figure 6.1
Figure 6.2
Figure 6.3
Figure 6.4
Figure 6.5
Figure 6.6
Figure 6.7
Figure 6.8
Figure 6.9
Figure 6.10
Figure 6.11
Figure 6.12
Figure 6.13

Figure 6.14

Figure 6.15

Figure 6.16

Case 2: insartion request

|terative process to compute E[DI | (k,k +1)] ¢

Iterative process to compute E[1, (k,k + D] :
initidizetion

Iterative process to compute E[I; (k,k +1)] ¢ : iteration i

Example of vehicle-segment-customer assgnment
decison

PARAMICS sample network

Detailed representation of the network
Corresponding ABSNET network
Simulation framework for a generd trangt system
Smulation framework for HCPPT
Passenger demand generation example
Graph of F(X): binomid distribution

Graph of F(X): Poisson distribution
Unconnected network example

Simulating a passenger transfer operation
Link and turn movement cost representation
Origin stop location

Dedtination stop location

Shortest path from node 159 to node 165 (free-flow

conditions)

Shortest path from node 159 to node 165 (congestion)

Two-sded Dijkstra shortest path tree (congestion)

235

246

248

248

252

269

270

270

272

280

286

288

289

294

298

299

301

302

308

309

310



Figure 6.17
Figure 7.1
Figure 7.2

Figure 7.3

Figure 7.4
Figure 7.5
Figure 7.6
Figure 7.7
Figure 7.8
Figure 7.9
Figure 7.10
Figure 7.11
Figure 7.12
Figure7.13
Figure 7.14
Figure 7.15
Figure 7.16
Figure 7.17

Figure7.18

Proposed dgorithm shortest path tree (congestion)
Orange County PARAMICS network
Orange County TransCAD network

User Equilibrium assignment for the Orange County
TransCAD network

Extraction of OCTAM demand

Orange County PARAMICS network zoning
HCPPT scheme on the Orange County region
HCPPT hub termind desgn

Reroutable portion of vehicle routes within each hub area
Passenger demand level and didtribution

Fleet Sze digtribution per hub

Average waiting time a home

Average waiting time a hub

Totd ride time for externd trips

Totd ride time for internd trips

Level of service index

Ride time index

Productivity of the sysem (Average load)

Algorithm running times summary

Xi

310

314

315

316

317

319

320

321

324

329

332

349

350

351

352

353

355

356

357



Table3.1

Table3.2

Table4.1

Table5.1

Table7.1

Table7.2

Table7.3

Table7.4

Table7.5

Table 7.6

Table7.7

LIST OF TABLES

Performance measures for various demand levds
(Cmax= 10, 25, 20, 25 result in various routing patterns)

Detalls of smulation (5 pax/sg. mile-hr.) Cyax = 20
minutes

Insartion agorithm performance

Example of vehide-ssgment-customer assgnment data
for modd cdibration

Length of road system at cdl and hub level (meters)
Passenger demand level and digtribution (cal/cell)
Egtimation of the fleet Sze and didtribution

Basic paameters used in find asmulations

Summary of find gmulations

Edtimation of abinary logit choice modd (with termind
operation)

Edimation of abinary logit choice modd (without
termind operation)

Xii

86

87

141

253

325

328

331

336

337

345

347



ACKNOWLEDGEMENTS

| would like to thank dl the people who made this work possble. First, 1 would like to
thank my advisor, Dr. R. Jayakrishnan, for his support and guidance. | dso thank the
other committee members, Dr. Will Recker and Dr. Amdia Regan for their comments
and severd fruitful discussons. The comments, guidance and advise of Dr. Kenneth

Small are dso greetly appreciated.

At this point, | would like to mention dl my friends a ITS-UCI, paticulaly Riju
Lavanya, Jun Oh-Seok and Laia Pages, who heped me a lot with fruitful idess and
collaboration. In a very specid way, | would like to thank my wife Verdnica for her

love, patient and encouragement.

This dissertation is pat of a ressarch project that was partialy funded by PATH
(Partners for Advanced Trangt and Highways), Task Order 4111. | thank Mr. Lindsee
Tanimoto from Cdifornia Depatment of Transportation for encouragement in the
project. Financiad support was provided by a Scholarship from the Nationd Scholarship
Program of Chile, the Regents Dissartation Fellowship from the University of Cdifornia a
Irvine and the Doctord Dissertation Grant Award from the Universty of Cdifornia

Trangportation Center.

Xiii



EDUCATION

2003

1995

1995

CURRICULUM VITAE

Crigtién Eduardo Cortés

Ph.D. in Civil Enginesring, Universty of Cdifornia, Irvine,
U.SA., Spring 2003.

M.S. in Civil Engineering (Transportation, graduated summa cum
laude), University of Chile, Santiago, Chile,

B.S. in Civil Engnesring (graduated summa cum laude),
Universty of Chile, Santiago, Chile,

WORK EXPERIENCE

1998 to 2003

1997 to present

1996-1997

1994-1996

1993-1997

1990-1992

Graduate Student Researcher, Inditute of Transportation Studies,
Universty of Cdiforniad Irvine.

Ingtructor Professor, Depatment of Civil Enginesring, University
of Chile,

Chief of Strategic Studies Area, Commisson for Trangport
Infrastructure Investment Planning, Chile (SECTRA).

Trangport  Andys, Commisson for Trangport Infrastructure
Investment Planning, Chile (SECTRA).

Lecturer and Researcher, Depatment of Civil Engineering,
Universty of Chile

Transportation Consultant.

TEACHING EXPERIENCE

1996-2003

Instructor:
Trangportation Networks (CI-53¥73B). Design Seminar (SD 20A),
(dong with Professors Sergio Jara-Diaz and Antonio Gschwender).
Transportation Economics (CI-43B), (dong with Professor Sergio
JaraDiaz).

Xiv



1989-1998 Teacher Assgtant (TA)
Transportation  networks  (CI-73B), Advanced Topics in
Transportation Economics (CI-73G), Trangportation Economics
(CI-43B), Trangportation System Andyss (CI-43A), Physics (HI-
10A), Dynamic Systems (FI-21B), Mechanics | (FI-22A), Caculus
(MA-22A), 1990. Linear Algebra(MA-122).

All the above courses have been offered by the School of Engineering a Universty of
Chile,

HONORSAND AWARDS

Doctord Dissertation Grant Award from Universty of Cdifornia Trangportation Center,
2002.

Regents Dissertation Fellowship from University of Cdiforniaat Irvine, Fall 2001.

Scholarship from the Nationa Scholarship Program of Chile (1998-2001).

PRESENTATIONS

Cortés, C.E. and R. Jayakrishnan (2003), High Coverage Point-to-Point Trandt: A New
Design Concept, UCTC Annual Conference, UCLA, February 2003.

Cortés, C.E. (2003), High Coverage Point-to-Point Transit (HCPPT): A New Desgn
Concept and Simulation-Evauation of Operation Schemes, Doctoral Dissertation
Session, 82™ Transportation Research Board Annual Meeting, Washington D.C, January
2003.

Cortés, CE. and R. Jayakrishnan (2002), Real-time Routed Transgt Systems-Routing
Control Schemes, INFORMS Annual Meeting, San Jose CA, November 2002.

Cortés, C.E., R. Jayakrishnan, and J. Oh (2001), Andyss of a High Coverage Point-to-
Point Trangt (HCPPT), INFORMS Annual Meeting, Miami Beach FL, November 2001.

Jayakrishnan, R. and C.E. Cortés (2001), High Coverage Point-to-Point Transt HCPPT):
Smulation-Evduation of Operationd Schemes for Future Technologica deployment,
PATH Program-wide meeting 2001, University of California Davis, October 2001.

Jara-Diaz, SR. and C.E. Cortés (1994), Cdculation of Scale Economies from Transport
Cost Functions. Seventh World Conference on Transport Research, Sydney, 1994.



Jara-Diaz, SR. and C.E. Cortés (1993), Economias de Escda en Funciones Pseudo-
vectorides en Transporte. Congreso Panamericano de Ingenieria de Transito y Transporte,
Mexico, 1993.

Jara-Diaz, SR. and C.E. Cortés (1993), Andisis Critico dd Uso de Funciones Pseudo-
Vectorides en Transporte. Cuarto Seminario de Investigacion en Transporte, Universidad
de Chile (S TU), September 1993.

PUBLICATIONS

Oh, Jun-Seok, C.E. Cortés and Will Recker (2003), Effects of Less-Equilibrated Data on
Travd Choice Modd Edimation, forthcoming publication in Transportation Research
Record.

Jayakrishnan, R., C.E. Cortés, R. Lavanya and Laia Pages (2003), Smulation of Urban
Trangportation Networks with Multiple Vehicle Classes and Services: Classfications,
Functiond Requirements and Generd-Purpose Modding Schemes. Proceedings of the
82" Transportation Research Board Annual Meeting, Washington D.C, January 2003.

Cortés, C.E., R. Lavanya, Jun-Seok Oh and R. Jayakrishnan (2002), A Generd Purpose
Methodology for Link Travel Time Edimaion Usng Multiple Point Detection of Traffic,
Transportation Research Record, vol. 1802, pp. 181-189.

Jara-Diaz, SR., E. Martinez-Budria, C.E. Cortés and L. Basso (2002), A Multioutput Cost
Function for the Services of Spanish Ports' Infrastructure, Transportation, vol. 29, pp. 419-
437.

Cortés, C.E. and R. Jayakrishnan (2002), Design and Operational Concepts of a High
Coverage Point-to-Point Trandt System, Transportation Research Record, vol. 1783, pp.
178-187.

Jara-Diaz, S.R., C.E. Cortés and F. Ponce (2001), Number of Points Served and Economies
of Spatid Scope in Trangportation Cost Functions, Journal of Transport Economics and
Poalicy, vol. 35, N°2, pp. 327-341.

Oh, Jun-Seok, C.E. Cortés, R. Jayakrishnan and Der-Horn Lee (2000), Microscopic
Smulaion with Large-Network Path Dynamics for Advanced Traffic Management and
Information Systems, Proceedings of the 6" International Conference on Applications of
Advanced Technologiesin Transportation Engineering, Sngapore, June 2000.

Oh, Jun-Seok and C.E. Cortés (1999), A Microscopic Smulation Approach to the
Evdudion of Trangportation Improvement Projects Evduation of High-Priority Choke-
Point Improvement Projects, Institute of Transportation Sudies Working Paper 99-17,
University of California at Irvine.



Jara-Diaz, SR., E. Martinez, C.E. Cortés and A. Vargas (1997), Margind Cogts and Scale
Economies in Spanish Ports: a multiproduct approach, Proceedings of the 25" European
Transport Forum, Brunel University, England, September 1997, pp. 137-147.

Jara-Diaz, S.R., C.E. Cortés and F. Ponce (1997), NUmero de Puntos Servidos y Economias
de Diversdad Espacid en Funciones de Costo en Transporte Aéreo, Actas del VIII
Congreso Chileno de Ingenieria de Transporte, Santiago, Chile. November 1997, pp. 133-
145.

Jara-Diaz, SR. and C.E. Cortés (1996), On the Cdculation of Scae Economies from
Trangport Cost Functions, Journal of Transport Economics and Policy, vol. 30, pp 157-
170.

Jara-Diaz, SR. and C.E. Cortés (1995), Descripcion del Producto y Calculo del Grado de
Economias de Escaa en Transporte, Actas del VII Congreso Chileno de Ingenieria de
Transporte, Santiago, Chile. October 1995, pp. 15-29.

Cortés, C.E. (1995), Andlisis Critico del Uso de Funciones de Costo Pseudo-Vectorides en
Trangporte, M.SThesis, Civil Engineering Department, University of Chile.

Irvine, May 2003



ABSTRACT OF THE DISSERTATION

High Coverage Point to Point Trangt (HCPPT): A New Design Concept and Simulation
Evduation of Operationd Schemes
by
Cristian Eduardo Cortés
Doctor of Philosophy in Civil Engineering
Univergty of Cdifornia, Irvine, 2003

Dr. R. Jayakrishnan, Chair

This dissertation research proposes the development and evaduation of a new concept for
high-coverage  point-to-point  trandgt sysems (HCPPT). Ovedl, three mgor
contributions can be identified as the core of this research: the proposed scheme design,
the devdlopment of sophigticated routing rules that can be updated in red-time to
implement and optimize the operation of such a desgn, and the implementation of a
multi-purpose smulation platform in order to smulate and evaluate such a design under
real network conditions.

The design is based on Shuttle-style operations with a large number of deployed
vehicles under a coordinated trandt sysem that uses advanced information supply
schemes with fast routing and optimization schemes. The sysem desgn is rather
innovative and ensures that no more than one transfer is needed for the travelers, by
usng transfer hubs as wel as reroutable and non-reroutable portions in the vehicles

travd plans It yidds flexibility for demand-side benefits from options such as price

Xviii



incentives for time-bound “passenger-pooling” a the <sops without dedtination
congraints, by the users.

A drict optimization formulation and solution for such a problem is
computationdly prohibitive in red-time. The desgn proposed in this dissertation is
effectivdly geared towards a decomposed solution usng detaled rules for achieving
vehide sdection and route planning. If red-time update of probabilities based upon
modding the future digpaich decisons is included, then this scheme can be consdered
as aform of quasi-optima predictive-adaptive control problem.

Fndly, a multi-purpose smulation platform is developed as part of this research
in order to evauae the performance of the system. The find gmulaions of HCPPT
required point-to-point vehicde smulation, which is not possble with off-the-shdf
gmulators. The smulation framework uses a wdl-known microscopic traffic smulator
thaa was dgnificantly modified for demand-responsve vehicle movements and
passenger tracking. A smulated case study in Orange County showed that with enough
deployed vehicles, the system can be substantidly better, even competitive with persond
auto travel, compared to the often-unsuccessful traditiond DRT systems and the exidting
fixed route public trangt. Furthermore, HCPPT can be incrementdly implemented by

contracting out services to existing private operators.

XiX



1 INTRODUCTION

1.1 Motivation and problem definition

Trandt sysems planning, design and operation in the United States have often been
based on wdl-set notions of what portion of the traveling population require or would
ever use trandt, and on traditiond paradigms of mode split behavior. Rather than
provide service that can attract demand away from persond automobiles to trangt, the
thinking has been rather defedtist, considering trangt as a necessary dternative to serve a
sndl but more captive pat of the traveling public, but not necessarily one that could
yidd good mobility and ridership benefits.  With urban sprawl and reduced population
densties being a redity in many large urban areass, Southern Cdifornia being a prime
exanple, the conventiond notions have resulted in trandt sysgems that have been
roundly criticized for the high cogts and poor benefits. The research in this dissertation
takes a fresh look at this and develops some newer ideas for trangt systems that could
serve point to point travel desres in generd urban networks. The intent is to develop
public trangt designs for networks without suffident high-density of population and
activities and without the kind of corridor structure that make traditional types of trangt
effective. In the process the research develops schemes with useful features that could
adso hdp in augmenting the service in urban contexts where traditiona trandt has been
relatively successful.

To motivate the research here, consider the ongoing planning for the light ral
trangt project in Southern Cdifornia. Condder the cods involved in what may be

termed “conventiond” trandt. Among the dternatives under condderation in the



particular project is a light-rail system that will involve a 30 mile line a about $2 hillion
capitd cost (about $60 million per mile) for a projected 2020 ridership of about 75,000
trips. Now look at a different scenario. If we were to consder min-vans in that
corridor which is roughly dong a freeway, the interest on that capitd (say $200 Million)
is enough to operate 2000 minivans (at an annuaized cost of $15,000 for purchase/
replacement) and pay 3000 workers (at say $55,000/yr) every year. Two thousand vans
making 10 round trips (90 minutes) and handling even 5 unlinked trips each way yidds
200,000 trips a day — All of that just from the interest on the capitad spent on the
“traditiond” fixed line ral trangt! Of course, clealy much more than five passenger
trips per 30 miles of vehide trip could materidize if vehides are avalable essentidly dll
the time for travel, and if they actudly reach a wider area around the corridor, in the
larger network itsdlf.

Indeed, very conservative numbers were used for the argument above, but the
bendfits are indigoutably in favor of multiple-passenger vehicle travd on exiging
roadways,the arguments about hidden subsdization of road travel notwithstanding.
Many experts in trangportation generdly know and accept amilar thoughts as were just
made, but have had difficulty in countering the agument from the advocates of
traditiond trandt systems — namey, “do you have anything better? Trangt is for only
certain demographic segments, we have to provide it. Nobody else may use trandt; and
0 we have to accept that we will be spending big money for it”. Also, those who fed
that bus trandt is a much more cos-effective dternative than rail and would like to see
more bus trave, find it difficult to counter the argument that “buses aen't sexy,” as

notorioudy dated by a prominent Los Angdes city politician The argument is that



"none who can afford to drive a car will be an a bus — perhaps on a train, but never on a
bus’. These arguments go round and round in vicious cycles. It is true that buses
themsdves may not be the solution to the problem, though it is a much chesper
dternative in many contexts then rall trandt. Perhgps the answer lies in usng smaler
"buses’ with much more sarvice flexibility. Perhaps the answer lies in taxi  or mini-van
type services. If the quegtion is whether we can ever operae road trandt vehicles in a
manner where sufficient travel demands can potentidly occur, the answer is yes. It can
be done; however, it requires quite a different gpproach towards trangit.

Let us condgder what would be the most generic public transportation design
under the most unrestricted demand gereration and didribution pattern. That is, consder
uncertain demand where customers would ask for service in red-time at random points
on the network. The solution of such a generd problem naturdly should result in
flexible vehidle roues and schedules adjusted in red-time as the demand cdls come in.
In the past, primarily due to lack of information regarding demand and supply in red
time, mog of the high-demand trandt sysems have been redrictively designed to
comprise “fixed routes and schedules’. Computationdly poor real-time dgorithms and
routing capabilities are aso factors that have made the “fixed route-schedule’ design the
only viable option for high-demand travel necessties.

An important and wel-known problem with fixed route trandt is the lack of
accesshility for wider population and to sufficient dedtingtions.  Park-and-ride options
exig in some cases, but in mogt examples, the biggest impediment in dtracting auto
drivers to trandgt has been the fact that "bus and ral go to every other place one doesnt

want to go to, and never comes anywhere near for one to board them”. If it takes 15



minutes of waking and 15 minutes of waiting for a bus line with 30 minute frequency
for a 15 minute travel to a degtination 5 miles away, which has to be followed by 15
minutes more of waking, why would anybody who can aford driving and parking fees
not drive for 10 minutes?  Any amount of trangt mode choice research will not throw
any new indghts into solving this problem, but this is the redity in many dispersed
urban areas of the U.S. Alternatives that dlow travd essentidly from any origin to any
dedtination with minima additiond access time and minimd waiting time need to be
provided if travelers are to be attracted to public trangt.

The thinking that trangt primarily needs “fixed routes and schedules’ is itsdf
perhgps no longer vaid if computer and communication technology and efficient
dgorithms offer ways for optimized travd in public (or privatey operated) trangt
vehicles. Fixed route sarvices in trangt without near-the-door pickup and drop is never
atractive other than in some very high-dengty corridors of the type only rardy found in
Southern Cdifornia and in many cities tha have undergone suburbanization. After dl,
from a theoretica standpoint, fixed routes and schedules are nothing but a subset of truly
optima flexible and dynamic solutions, if we were able to find such optima.  One could
even extend an agument that if advanced information technology and optimization
capabilities exised before vehicles, we would not be seeing any fixed route, fixed
scheduletravel — perhaps a stretch, but an interesting thought nonetheless.

Therefore, if the objective were to offer a trangt dternative competitive with the
automobile, a high-coverage shuttlelvan type of system would be the only dternative.
Tha is, to offer a public trangt option without the extreme waiting times and trave

discomfort characterisics of traditiond “fixed-route and schedules’ scheme, not to



mention cod, that makes private persond automobile travel so much more atractive.
This was the hope behind the demand respondve transit systems developed from over
three decades back. Before proceeding with further expostion of the idess in this
research, let us consder such systems from the past and what went wrong with them, to
use a rather impetuous line as aconcluson.

The traditiond did-aride demand responsve trangt systems (henceforth DRT)
have been classfied as a many-to-many type of service and included capacity condraints
as wedl as soft time window condraints & the pick-up and ddivery locations. DRT
sysems condst of one or more multiple occupant vehicles, which take passengers from
their origins to thar dedtingtions within a service area. Though demand-responsive
trangt has been in exigence in severd cities around the US (Davenport, 1A, has had one
from 1934!), serious research into larger-scae demand-respongve trangt did not gart till
the 1960s. Many demonstration pojects (Peorig, IL, 1964; Hint, MI, 1968; Mandfield,
OH, 1970) were only margindly successful a best. The mog intendve academic
research into DRT was & MIT darting in 1970, in the wdl-known project CARS
directed by Prof. Nigel Wilson (see chapter 2 for more details). The work resulted in
heurigic adgorithms and a demondration project by MIT a Rochester (Wilson and
Colvin, 1977) and another demongtration project by MITRE Corporation at Haddonfield,
NJ. The generdly accepted concluson was that, perhaps due to the modest
computational  capabilities available then, manud dispatching peformed better than
computer digpatching (Black, 1995). Although it spurred a lot of research over severd
years about DRT sysems, neither a successful methodology nor any trangt smulation

results have been provided for solving large-scde DRT problems. That is, DRT systems



were never consdered as an dternative to serve large areas with a large st of vehicles.
This dissertation starts with the premise that it could wel be applicable in a larger scde
and is perhaps more applicable for the larger contexts than otherwise.

The primary problem faced by exising implementations of DRT systems is the
low occupancies found in the busesivans and the resulting cost of operation. The
operating costs per passenger is rardy under $10.00 and is often around $15.00, the
cause for that being the unacceptably low passenger loads (occupancy) found in the
vehides, ranging from 0.51 to 2.74, with an average of 1.39 (Black, 1995). The studies
show that the request-to-arriva-time of Did-a-ride in comparison with automobile door-
to-door-travel-time is often in the range of 2 To 3 (i.e, it takes 30 to 45 minutes for a
vehicle to arrive for sarvice, for a trip that can be made in 15 minutes by car!). This
means that demand-responsve systems tried in the past are not competitive with auto
traved and thus will have low ridership, with normdly only those without an avalable
auto-option usng it.

Demand responsive systems are not redly responsive to red-time travel requests
due to the poor coverage of the network by the vehides (too few vehides running).
Moreover, there is an embedded system design problem aong with inappropriate routing
schemes and demand condiderations. As an example, despite trandfers causing serious
extra cods in travd, dlowing it with proper desgns could sgnificantly improve the
overdl flexibility and thus the travel costs for many passengers. However, transfers are
not pat of the traditiond DRT desgns dready burdened with the lack of large-enough
fleets of vehides The result was the poor levd of service due to low "coverage'. This

is in pat why efforts in DRT desgns have been devoted to solving smal problems,



mogtly oriented toward the service of smal communities or passengers with specific
requirements (elderly, dissbled). If aregular cusomer required an automobile kind of
savice, he (she) would rather cdl for a taxicab or drive a persond vehicle rather than
use the public DRT system.  Improving the level of service, reducing waiting and access
times and thus in turn improving the demand are the reasons for the "high-coverage’
notion in this dissertation research, however impractical it may seem at firdt.

The point is clear that if demand responsve trandt is to ever become cost-
effective, the occupancies in the vehicles should go up, a least to 3 or 4 passengers on
average for vantype service, and 15-20 passengers for bus-type service.  This will not
happen unless the level of supply of vehides is ggnificantly higher, and the time
between cdl and service is sgnificantly lower to make even those who think of trangt as
an option to select it over persona automobiles. If the service needs to be quick in its
reponse, it is imperative that vehicles are avalable within say 2 or 3 miles and can be
rerouted in such a way that the passengers can at least reach a transfer node for further
trave. The home waiting time should be no more than 10 minutes or so, preferably less.
The design should adso ensure that no more than one transfer is made by passengers
traveing up to 10 or 15 miles, snce this is an agpect that Sgnificantly affects the
demand, and sometimes overlooked in trangt network desgn. We clam that a key
agpect here is vehicle avalability that reduces waiting times, and red-time information
schemes that reduce uncertainty.

Now, let us consder the red-time optimization problem involved here.  Let us
assume that we are able to solve the large-scale pick-up-and ddivery problem in red

time with uncertain point-to-point travel demand generation in red-time. In nany cases,



we would find solutions such as those shown in figure 1.1. The solution would show
different vehidles picking up and deivering passengers traveling on ther own vehicle
tours that minimize some type of a generdized cos including the totd trave times of the
passengers.  While in a datic problem smilar to a multiple-vehide traveing sdesman
problem we would not find the tours crossing each other, in the dynamic problem (if
were to solve it) would yield tours that would cross each other in space though not in
space-time. Note that if we were dso able to solve for a true optimum that induded the
bet multiple-vehicle options for travelers as well, we would have transfers between
vehicles (again with codts for transfer properly accounted for in the formulation). An
effident transfer in some cases could aso be by dropping a passenger a one point for a
later pickup by another vehicle (if unnecessary travel by the passenger is of worse cost
than waiting a a point for the trander). Such a solution would require the finding of
transfer points in continuous space-time that of course brings an added dimension
making the dready unsolvable large problem effectively unthinkable as well.  Fgure
11 is jud to ad the thinking and is not representetive of the actual solutions of such
large dynamic pick-up and delivery problems. It does show one important aspect, which
is that vehicle tours would tend to gravitate to certain high-capacity road corridors such
as afreaway or ahigh capacity arteria street.

The optima solution will send these vehicles on to optima pick up and ddivery
routes in locad dreets with travel on higher-speed arterid/freeway (trunk) routes
whenever possble. This is the reason for the designs of feeder DRT and trunk express

trangt (BRT or high-speed rail, for instance) in the past.



Figurel.l  Thetypeof solution in a stochastic pick-up and delivery problem

If we accept that we cannot optimdly solve the above problem for red-time operations
for any better than a handful of points and vehides then an option is to intuitivey
"expect” the characteridics of the optimum. If we fix such characterigtics in the system
desgn, it would yidd the problem solvable, though only to a near-optimd solution In
the above case, fixing the trander points is perhaps the firgd such option to be
conddered.  The conceptud resson for hubs and timed-trandfer terminas proposed in
the past literature is no different, even though red-time optimizations were not
envisaged. It is logicd to expect fixed trandfer points in the type of rea-time pick-up
and delivery design this dissertation focuses on.

However, for point-to-point travel, such a desgn would appear to need at least
TWO tranders as shown in figure 1.2. Trandfer points add flexibility to the system
operation as wedl as the use of vehicdes, especiadly adong express corridors where

multiple vehicles could share a roadway with better level of service (such as exclusve



lanes or entire roads for trandt use). In addition, vehicle productivity should be dways
enhanced under such a scheme due to the posshility of vehicles to feed (and get feeds

from) other vehicles at trandfer points, thusincreasing the average passenger occupancy.

igher speed express-w,

Figurel2  Constrained design for solving of a real-time pick-up and ddivery
problem
The designs proposed in this dissertation result from an atempt to develop a scheme
where such travel can be accomplished with a most ONE trandfer, a least between
points not more than 10 or 15 miles goat. The routing schemes dso ensure higher
vehicle occupancy (number of riders) and can be conddered Smilar to solutions
obtaned if a multiple objective optimization of the large optimization problem,
maximizing ridership and minimizing travel/wait times could ever be atempted in red-
time. The proposed designs dlow red-time quas-optimization udng route improvement
techniques where cost functions updated in red-time are utilized to solve locd insertion

heurisics dong with traveling sdesman problems for sdection and routing of vehicles
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to passenger pickup locetions. The smal capacity of the vehicles dlow easy solutions of
such routeswith only 5 or 6 points a most in the candidate vehicle tours at any time.

The conceptual design is for door-to-door travel, alowing a most one transfer
and based on red-time persondized travel desres. The implementation of such a system
IS now possble due to advances in communication and computing technologies.  While
it is demand-responsve, the concept is dgnificantly different from older demand-
reponsve trandt systems, which were often fallures. The proposed system requires
high coverage, refearring to the avalability of a large number of trangt vehicles (often
minibuses or vans), which could dso operate in conjunction with private and paratrangt
sysems. As mentioned above, the desgn drictly diminates more than one transfer for
any passenger.

An important cdam is that the sysem could potentidly provide a transt
dterndive that is much more competitive with persond auto trave than conventiond
trangt sysems, due to dgnificantly lower travel and waiting times. The passenger
demand for such a sysem is uncertain, but the smulations experiments performed in the
context of this dissertation show that under a variety of acceptable demand leves, the
system can operate with high cost-effectiveness.

As described in the later chapters, the technology for the kind of system proposed
here has adready been demondrated in recent field trids of paratrandt operations with
online red-time cusomer cdls vehide to vehide communication and broadcasting. The
cost aspects of the system are dso briefly consdered in this research. The primary
argument is reativdy smple. If taxi systems can operate with an average of say $15 per

trip with an average passenger occupancy of dightly over one per vehicle, it should be
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possible to operate a system with 2.5 or 3 times as much occupancy for much chegper
fares.  With much more of productive times (taxis are idle for a large fraction of time), a
proper desgn can dgnificantly reduce the operator cost per trip. If even hdf of the
current trangt subsdies (2 to 3 times the fare paid by the customer) is avaladle for a
high-coverage point to point system, it is not a al unreasonable that average trips can
codt as little as a few dollars. An average customer cost of even $5 for a trip of 10 miles
is not impossible and compares not too unfavorably with persona aitos costing about $3
in fud, vehide mantenance and parking. The sysem could have the levd of service
comparable to taxis, perhaps much better due to reduced waiting times. These numbers
are highly context specific and need to be vdidated first. This is the intent behind this
research that develops the efficient desgns and agorithms for operation and then
amulates the operation in a large system to show that the above claims are reasonable at

least in terms of the levd of sarvice and occupancy.

Basic Theoretical Outline;

The system essentially attempts to solve a stochastic real-time passenger pick-up and
delivery problem with large number of vehicles. A strict optimization formulation and
solution for such a problem is computationally prohibitive in real-time. The design
proposed here effectively allows the problem to be decomposed and solved using
detailed rules that achieve vehicle selection and route planning in a manner that is
similar to adaptive predictive control using probabilities and expected values updated in

real-time.
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1.2 Research direction and methodology

This dissertation is the fird gep in a long-term effort that would culminate in fidd
operationa tests in the future with possible cooperation from city and trandt agencies
and/or private fleet operators. This will be after the operationd paradigms are wdl
desgned and ready to be put into practice usng advanced technological capabilities.
Detalled smulations have shown the kind of socid and economic factors to be
consdered in policy decisons. It dso looks at this research as part of a bigger effort to
develop various aspects such as cogt functions and demand modds, most of which are a
present inadequate for demand respongve trangt andyss.

The focus of this dissartation is in describing the details of the concept, providing
aguments in favor of the sysem, developing routing schemes and Smulaing different
demand-supply scenarios to show the benefits of the proposed idea. This dissertation
does not purport to consder every issue in detail, but does look at the key design aspects
initidly and identifies myriad other topics that require future research.

The methodology is based on smulaions using the UCI Testbed capabilities for
vaious desgns, supply levels and demand levels on a candidate network. There are

three primary areas where the dissertation work is focused on:

1) Propostion of aconceptud scheme.

2) Deveopment of red-time routing- scheduling dgorithms.

3) Deveopment of a generd-purpose trangt smulation platform.

13



The genera tasks developed in this dissertation are the following:

Devdopment of a spatiad network Smulation framework, usng discrete-event
smulation techniques. The characterigtics of this scheme as wel as the smulation
results are presented in Chapter 3. This first experiment is performed in order to
show feashility on the supply and peformance sde. The parametric smulation
sudy results differ based on the number of vehicles deployed, demand leve, system
design, control decison desgn, and so on. More vehicles reduce trave and
weighting times, but may aso reduce vehicle occupancy and productivity unless

demand is sufficient.

Devdopment and refinement of candidate operation designs and efficient red-time
routing-scheduling dgorithms. The routing decisons must be made in red-time
therefore some variables (associated with travel time measures) are assumed to be
random with unknown didributions. The design proposed here effectively dlows the
problem to be decomposed and solved usng detailed rules that achieve vehicle
section and route planning in a manner that is sSmilar to adaptive-predictive

stochastic control using probabilities and expected vaues updated in red-time.

Devdopment of smulation software using the online ATMIS Research Testbed
capabilities for various desgns, supply levels and demand levels on a candidae
network, specificdly a part of the Orange County Network in Cdifornia Essentidly,

an APl integration for the PARAMICS smulaor is developed in order to evduate

14



the sysem under red-time conditions under red-network conditions coded in

PARAMICS.

With regard to data sources, on the demand sde, the demand models under the new
OCTAM regiond mode for Orange County have been used in the find smulation
experiments. In addition, a representation of a rea network of Orange County was used
to dmulae the routing schemes and dgorithms findly sdected, through the
aforementioned AP interface integration for the PARAMICS smulator, focusng on
trangt modeling schemes. The interface dong with the APl amulator alows the modder
to evduate the proposed schemes under red network scenarios and redidtic traffic
conditions.

This dissartaion has developed dgnificant guidelines on the gpplicability of the
scheme dong with the development of software for applications A st of tools for
evaduding in detal the future implementation of new designs for large-scde point-to-
point trangt systems is one of the core products of this research effort.

As further research, a parametric analyss of the impact on demand modds and
the impact of the sysem implementation on the moda plit is addressed. The economic
focus should contemplate the analyss of the cost structure and pricing associated to the

proposed system under various schemes.
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1.3 Outline of the Dissertation

In Chapter 2 a detailed literature review regarding DRT and combined trandt systems is
presented, emphasizing the dsate of the art in solving the dynamic case. The description
and solution adgorithms used in the past for such sysems are addressed. In addition, a
description of the pick-up and ddivery problem with time windows, its formulaion and
solution agorithms are shown as a basic transportation problem reference.

Chapter 3 summarizes the basic proposed scheme as mentioned in the previous
two sections, focusng on the potentid of such a scheme, its characterisics, and the
different options and travel drategies compatible with this conceptud idea. In addition, a
numerica feasbility study is developed, based on a spatid discrete-event Smulaion
methodology.

Chapter 4 presents the routing and scheduling rules developed in order to
implement the sysem proposed in Chapter 3. Additiond heurisics for termind
passenger  management, vehicle didribution and red-time operationd schemes are
devel oped and addressed in this chapter.

In Chapter 5 a red-time adaptive predictive control scheme is developed in order
to modd sochadtic ddlays for dynamic rea-time vehicle routing problems in pick-up
and ddivery. These ddays come from future unexpected vehicle rerouting and have to
be incorporated into the cogt function in the routing and scheduling rules of Chapter 4. A
manner of updaing these rules usng sysem information is aso addressed and

andyticdly formulated.
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Chapter 6 summarized the find <Smulation goproach, the detalls in the
development of the PARAMICS APl and the requirements for modeing the system
proposed in this dissertation. In Chapter 7, the smulation results are shown and
andyzed, for various dtrategies, demand and supply levels.

In Chapter 8, the general and specific conclusons are ddinested. The chapter

includes dso0 a section with recommendations and further investigetion topics.
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2 GENERAL BACKGROUND: DESCRIPTION OF TRANSIT

SYSTEMSAND SOLUTION ALGORITHMS

2.1 Description and features of flexibletransit systems

The objective of this chapter is to provide a description of the Sate of the art literature in
the deveopment, design, technologica requirements and routing schemes of flexible
trangt sysems studied and implemented nowadays. The background includes various
topics, from agorithm development issues to network design considerations.

In order to introduce the problem, and adso as a way to understand the inherent
features of flexible trandt sysems in this firg section a cdassfication of the exising
classes of vehicles and services is presented. Perhgps the most logica way to digtinguish
between severa kinds of trandt sysems is by their functiondity. It is possble to
enumerate three different systems trangt, paratranst and fleet systems. The firg two are

definitely more important in view of the objectives of this dissertation research.

1) Trangt: Such senvices are normaly composed of fixed route systems with routes and
schedules planned in advance.  Trains, light ral vehicdes metros buses normadly
continue traveling in a drcuit or back-and-forth route to pick up or drop off passengers
a the stop locations. The sarvice characteridics of interest in amulaion incude items
such as whether these sarvices share the right of way among each other as wdl as

persond autos.
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2) Paatrandgt: Taxis, limousines, shuttles, and demand-responsive systems are examples
of this. This class of services can be further subdivided according to their routing or/and

scheduling characterigtics. Using this feature, we have the following services

Did-a-ridec  According to Black (1995), it is a sarvice, which is more flexible than
conventiond trandt services It can be demand-respondve in the routing schemes
(vehicles go exactly where the passenger wants - door to door service) or/and the
scheduling (vehicles arrive when the passenger wants). Taxis would be effectivdy a
specid case of such services, where the passengers do not share rides.

Jtney: According to Black (1995), jitney is a cross between taxi service and regular
bus route. Jtneys operate dong a fixed route, and they may have fixed stops. But
there is no fixed schedule and passengers share the vehicle.

Ride Sharing: In this case travelers form groups to share vehicles that operate when
and where they want. From a dmulation standpoint these would be dmilar to
persond autos, but with potentially more stops for passengersto join theride.

Vehicle Sharing: Thee are sysems where the rides are not shared, but different
passengers or passenger groups share the same vehicle for multiple rides. The
primary difference from a did-aride or taxi service would be that there are no
drivers for these vehicles and as such the vehicles are not "digpatched” (though there
may be methods to control the passenger sdection of vehicle in locations such as
trangt centers, asin the case of the proposed station-car schemes).

Mixed systems. These are systems which may be consdered smilar to regular trangt

sysgems rather than pararangt, in that the vehicdes may have fixed routes and
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transfer points in certain parts of the network but with non-fixed, demand-responsive

or real-time routed portions in other parts of the network.

3) Heat sarvices Commerciad services and emergency vehicles form the largest
subdivison in this class. Regarding commerciad vehidles, it is possble to see this sysem
as a pick up and ddivery problem with prior planning. At the beginning of the day or
season drivers know where their demand is located for that period. Findly, emergency
fleets include ambulances, fire and paramedicd vehicles, and police vehicdes These

may often be real-time routed services with afixed drop-off location.

In the next section, a generd review of the pick-up and ddivery problem with
time windows is presented, mainly based on the reviews by Desrochers et al. (1988) and
Desrosiers et al. (1995). This problem aong with the traditiond vehicle routing problem
represents an important conceptual benchmark for the proposed system in the context of
this dissertation. In Subsection 2.3, a discusson about demand responsive systems and
dgorithms is conducted. Next, in Section 24, an overview about mixed services as

defined above, is presented. Finally, in Section 2.5 some fina remarks are outlined.

2.2 The general pick-up and deivery problem: considerations,
restrictions and heuristics algorithmsto solve the problem under

specific conditions

In this section, the genera pick-up and deivery problem with time windows is

mathematically formulated. Notice that this problem represents the more generd
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formulation for the datic case, and it represents a good darting point in order to
undersand the problem behind any flexible door-to-door transt design and optimization
procedures.

According to Desrosiers et al. (1995), the pick-up and delivery problem with
time windows (PDPTW) involves the satisfaction of a set of tansportation requests by a
heterogeneous vehicle fleet housed at several depots. A trangportation request consists of
picking up a certain number of customers a a predetermined pick-up location during a
departure time intervad and teking them to a predetermined deivery location to be
reeched within an ariva time intevd. The depature and arivd time windows are
based on desired pick-up or ddivery time requests sdtisfied by the customers. Loading
and unloading times are incurred at each vehicle sop.

For the transportation of people, Desrosiers et al. (1995) identifies three problem
objectives to be minimized (in a hierarchical fashion) subject to a variety of condrants.
The fird objective involves the minimizaion of the number of vehides or the totd
vehicle fixed cods required to satisfy the transportation requests. For this minimum
vaue, a second objective congders the minimization of the total distance or trave time.
In the case of passengers (unlike the problem of transportation of goods), an objective is
introduced in order to minimize the inconvenience created by pick-ups or deliveries
performed either sooner or later than desred by the customers. The latter PDPTW
context is called did-a-ride or demand responsive trangit problem.

The PDPTW involves severd condraints, which can be dassified into visting
condraints (each pick-up and delivery has to be visted exactly once), time window

condraints to be saisfied a each stop, vehicle capacity condraints, depot congrants,
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coupling condraints (dating that for a given request the same vehidle mug vist the pick-
up and ddivery dops), precedence condraints and resource condraints on the
availability of drivers and vehicles.

Some of the previous condraints could be relaxed in a more complex scheme
such as a mixed sarvice where the cusomer could be delivered by a different vehicle
from the one that picked him(her) up, changing the gructure of the coupling condraints
as defined above. Time window constraints could enter as soft condtraint into the cost
function imposng a pendty on pick-up or deivery times. As discussed in Section
2332 for the dynamic case, in most of the dynamic cases a hard time window
congtraints does not make too much sense, and in some cases it could even make the
problem unfeasible.

Let us formulate separately the one-vehicle case from the multiple vehicle pick-
up and ddivery problem. In Section 23, an exhaudive review of dgorithms and
heurigtics to solve such a problem for the transportation of passengers (did-a-ride or

DRT problem) is presented.

The single vehicle pick-up and delivery problem

The origind notation by Desosers et al. (1995) is utilized here. Condder a st of n

requests. Associated to the pick-up location of request i a node i, and to his ddivery
location a node n+i. Let N°={1..,n} be the set of pick-up nodes and
N® ={n+1...,2n} be the set of delivery nodes, and define N = N” E N°. The set of
nodes of the network is V = NE {o,d}, where o is the associated with the origin-depot

location while d is associated with the destination depot |ocation.
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Request i demands that p, customers be transported from node il NP to the
corresponding node n+il N°. Let |, =p,for il NP,and | ,, =-p for n+il N°.
The capacity of a single vehide is given by Q. For each pair of distinct nodes i, j1 V,
t; represents the travel time, which includes the service time & node i, and c; denotes
the travel cost. Let [a,b] denotes the time window associated to node i,il N. Retain
in the s A only the acs (i,j),i,j1 V, which saisfy a priori capacity and time
congraints, and other redtrictions such as those based on precedence, and the same
location.

Three types of variables ate used in the formulaion: binary flow varigbles
X, (i, )T A, time varigbles T,,iT V, and load varigbles L,,iT V. The flow variable
X (0, DT A equds 1, if the vehide travds form node i to node j, and O, otherwise.
The time varidle T ,iT V, represents the time a which sarvice begins at node i. The
load varidble L,,il V, gives the totd load on the vehide just after the service is
completed a node i. It is assumed that the vehicle departs empty from the depot a a
givenfixedtimei.e, L, =0 and a, =b, =T,.

The nonlinear mathematica formulation is as follows

Minimize § c(L,)c, X, (1.1)
@i, ) A
subject to
a X, =1 "iT N (1.2)

iT NU{d}
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ax, =1 (13)

iiNP

& X,- & X,=0, “ jT N (1.4)
it NU{0} it NU{d}

& X.4=1 (1.5)
it NP

X, (T, +t;- T)EOQ, (i, )1 A (1.6)
a £T £h, "l Vv (1.7)
X, (L +l,-L,)=0 ", )T A (1.8)
. £L, £Q, " il NF (1.9
Of£L., £Q-1, "n+il NP (1.10)
L, =0, (1.11)
T+t ET.., "l NP (1.12)
X, binary, ", )T A (1.13)

Condraints (1.2) to (1.2) are the aforementioned vigting condraints, (6.7) are the time
window congraints. Equations (1.9) and (1.10) represent cgpacity interval condraints at
pick-up and delivery nodes respectively. Congraint (1.6) describes the relation between
the flow variables and the time variables, preventing subtour formation. Congraint (1.8)
describes the relaion between the flow variable and the vehicle load a each node.
Findly, condraint (1.12) imposes precedence relations on the associate pick-up and

delivery nodes.
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The objective function is quite generd and includes a nonlinear pendty that
depends on the total vehicle load after the service is completed at nodei.

For passenger cases, severd exact as well as heuristic dgorithms for solving such
aproblem are reviewed in Section 2.3.3.2.

The extenson to the multi-vehide case (m-PDPTW) is draightforward. The

notation used is a direct extensgon of the one presented in the previous section. Let K,
indexed by k, be the set of vehicles to be routed and scheduled. Then (V*, A¥) isthe
network associated with a specific vehicle k. The st V* =N U{o(k),d(k)} isthe set of
nodes with o(k) and d(k) dencting the origin-depot and the destination-depot of

vehide K, respectively; the set A* contains dl feasble arcs, a subset of V¥ V. The

cost and time dements, the vehicle capacities and the three types of variables are defined

adequately. Note that the index k serves to define a specific vehicde and a depot
location, and more generdly, the initid vehicle conditions of a heterogeneous fleet of

vehicles. It is assumed that each vehicle k depats empty from its origin-depot, at a
specified timevaues given by T,y = @y =Dy -

The corresponding mathematica formulation in this case is asfollows

Minimze @ @ c*(L)ci X! (1.14)
KT K (i,))T Ak
subject to
a axi-=q il NP (115)
K K jTNU{d(K)}
a Xy, =1 " kT K (1.16)
iTNPU{d(k)}
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a X axi=o " kT K," jTN (1.17)

it NU{O(k)} il NU{d(k)}

a Xty =1 " kT K (1.18)
i NPULo(k)}
Xi (T +ti - T)EOQ, "kl K, (G, j)T A (1.19)
a £T*£b, " kT K," il VK (1.20)
X (L +1, - L) =0, " kT K" G, )T A (1.21)
| £L° £QF, " kT K," iT NF (1.22)
O£LS, EQ“- I, " kT K," n+il N° (1.23)
Logy =0, "k TK (1.24)
T+t £TL, “ kT K," il N” (1.25)
aXs- axt.=0 " k1 K," il NP (1.26)
TN TN
X 3 0, " kT K, ()T A (1.27)
X; binary, "kl K" T AN (1.28)

The nonlinear objective function minimizes the totd travel cost. Condraints (1.15) to
(1.18) and (1.28) form a multi-commodity flow problem. Congraints (1.19) describe the
compdibility requirements between routes and schedules, while (1.20) accounts for the
time window congraints. Congraints (1.21) show the compatibility between routes and
vehicle loads, while (1.22) and (1.23) ae the capacity intervas for pick-ups and
deliveries respectively. Condraints (1.24) impose an initid load condition on each

vehicle. Condraints (1.25) are precedence condiraints, while (1.26) ensure that the same

26



vehide will vigt the pick-up as wel as the associaed delivery. Findly, the formulation
involves nonnegativity condraints on flow vaiables (1.27) and binary requirements
(1.28).

The previous formulation is for the multi-vehicle dtaic case. A drict dynamic
formulation is not draghtforward. The solution of such dynamic problems has been
conducted by developing heurigic techniques and in some cases adgptation of datic
agorithms (see Section 2.3.3.2 for details on these techniques and a discussion).

In addition, this formulation, and paticulaly condraints (1.26) redrict the
possihility of incorporating transfer points and fixed route segments as pat of the
desgn. In addition, the cost function does not explicitly incorporate user cost
components (travel time, waiting time at pick-up points, etc), which makes the origind
formulation very dmpligic when desgning a complex trandt logigic scheme In
addition, there is no way of incuding operationd heuridic rules into the formulation in
order to, for example, evenly didribute vehicles over space a any time, develop some
termind (if transfers could be incorporated) operations and management, etc.

The generd problem has been solved under specid requirements and conditions.
In most cases, heuristic methods have been used in order to design and optimize such a
sydem. A complete review of the most important contributions in the past is

summarized in the next section.
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2.3 Exact and heuristic algorithms for solving DRT routing and

scheduling

2.3.1 Generalities

In this section a detaled literature review regarding the did-a-ride demand responsive
sydems (henceforth DRT) is presented, emphasizing some generad issues, routing
dgorithms, methodologica procedures and fiedd implementations. Although the DRT
problems have been treated as a many-to-many type, the proposed scheme in the context
of this dissertation (see Chapter 3) could be interpreted as a combination of many-to-one
and one-to-many sysems. In addition, the kind of problems commonly studied has been
oriented to low trandt demand systems and sdlected passengers satisfying very specific
conditions. In this research, a high-coverage-point-to-point trangt system is proposed,
and therefore, the literature must be analyzed and discussed teking into account dl these
detals and possble differences between the typicd andyss and the mentioned
approach.

Note that dthough DRT sysems have been in exigence in saverd cities around
the US, serious research into larger-scde demand-responsive trangt did not gtart till the
1960s. Many demondtration projects (Peoria, IL, 1964; Hint, MI, 1968; Mansfield, OH,
1970) were only margindly successful a best. The mogt intensve academic research
into demand-respongive trandt (“Did-aride’) was @ MIT darting in 1970, in the well-
known project CARS directed by Prof. Nigd Wilson. The work resulted in heuristic
agorithms and a demondtration project by MIT a Rochester Wilson and Colvin, 1977)

and another demondration project by MITRE Corporation at Haddonfield, NJ. The
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generdly accepted concluson was that, perhaps due to the modest computationa
cepabilities avalable then, manua dispaiching peformed better than computer
dispatching (Black, 1985). Although this spurred a lot of research has been over the
years in of the rdaed problems, nether a successful methodology nor transit Smulation
results have been provided for solving large- scae demand-respongive transit systems.

As mentioned in Chepter 1, did-aride problems are mosly found in demand-
repondve trangportation sysems oriented to the sarvice of smdl communities or
passengers with specific requirements (elderly, disabled). These problems have been
classfied in the many-to-many type and include capacity condraints as well as soft time
window condraints a the pick-up and ddivery locations. Many-to-many demand
reponsve transportation systems consst of one or more multiple occupant vehicles,
which take passengers from ther origins to ther dedtinations within a sarvice aea

(Daganzo, 1978).

2.3.2 Technological issues

In the specidized literature it is possble to find some work in the automation of the did-
aride sygems which is a vey important issue to be conddered nowadays.
Technological issues are fundamenta when proposng a dynamic sysem with
agorithms and decisons taken in red-time.

Dia (1995) proposes a modern approach to many-to-few did-aride trangt
operation, which uses more recent off-the-shelf consumer and computer technology. He
diginguishes the autonomous did-aride trandgt sysem from the conventiond ones, and

ensuresimproved service and reduced costs under the new approach.
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The proposed sysem employs fully automated order-entry and routing-and-
scheduling systems that resde exclusvely on board the vehide Here fully automated
means that under norma operation, the cusomer is the only human involved in the
entire process of requesting a ride, assigning trips, scheduling arivas and routing the
vehicle. There are no telephone operators to receive cdls, nor any central digpatchers to
assign trips to vehicles, nor any human planning a route. The vehicles computers assign
trip to vehicles and plan routes optimally among themsdlves, and the drivers only job is
to obey ingructions from their vehicle' s compuiter.

Furthermore, the superiority of this sysem over conventiona did-aride prevails
regardless of the sze of the sysem and becomes more dSgnificant as the sysem gets
larger.

The proposed system, cdled Autonomous Did-A-Ride (ADART), is currently
being fidd-tested in Corpus Chrigti, Texas, by the Regiond Transportation Authority in
partnership with the Volpe Center. As mentioned above, this system relies on a network
of on-board computers that communicate with each other. In fact, dl digpaiching,
routing and scheduling decisons are made by these computers on board each vehicle.
The on-board computers assign trips and plan routes optimaly among themsdves usng
local heurigtics.

ADART technology encompasses a high leve of automation, consolidating
scheduling, fare collection, credit verification, and vehide routing into a dngle
automated system. There is no dispatcher, and the driver’'s only job is to obey
indructions from the vehicles computer. Consequently, an ADART flegt covers a large

sarvice areawithout any centralized supervision.
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Ted (1993) describes the evolution of the DRT system over the last years, and
adso identifies the mgor issues for modernizing the current and potentia systems. In
addition, Stone et al. (1993) describe the mgor consderations for sdecting dternative
software products in order to automate paratrandt systems. Both works point out the
potentid improvements in terms of leve of productivity and religbility with the ability to
track vehicle locations, communicate with drivers and dlients and access traffic
information on a continuous basis.

There have been some recent sudies focused on the potential impact of
Advanced Public Transportation Systems (APTS) on service productivity and cos.
APTS technologies include Automaic Vehice Location (AVL) Sysems, Computer
Aided Dispatching (CAD) Systems, and Mobil Daa Terminds (MDT). Khattek and
Hickman (1998) provide an overview of CAD systems. Stone et al. (1993) discuss
severd issues on dispatiching and scheduling of paratrandt sysems using the benefits of
modern computers, technology and advanced dgorithms. ChiraChavdla and Venter
(1997) show the improvements in productivity from using advanced technology. They
sudy a case in Santa Clara County. Wallace (1997) quantifies the potentid benefits of
trip reservations by usng APTS technology through a survey of pararandt cusomers in
Southeastern Michigan. Higgins et al. (2000) conclude tha the implementation of AVL
adong with advanced scheduling seems to be the primary factor in increesing efficiency
by 10.3% for Houston's METROL.ift Service.

On the other hand, FOCCS system developed firgt in Europe (Gerland, 1991) is

somewhat related to our research mainly because of technology aspects. Their objective
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was to integrate ralway, line-haul bus, school charter services and demand-actuated
means of trangport into one uniform public transport network.

Findly, Fu (2002) presents a amulation system designed to modd a variety of
technology-oriented did-a-ride paratrandt systems operated in an urban context. The
main purpose is to evauate the potential effects that these technologies may bring on a
paratrangt system. The author focuses the andyds on the evdudion of AVL and digitd
communicetion, as pat of a conceptua sysem cdled APOS. An AVL modd is
proposed, based on GPS technology with precise definition and dmulaion of the
communication system mode, the dispatcher modd, the red-time operationad events,
and the online dynamic scheduling components. An dgorithm is developed for the
datic DARP with a st of modified condraints (see next section for detals) as well.
Among the mgor conclusons the research shows that systems with AVL have a clear
advantage over ones without AVL in terms of vehicle productivity, strongly dependent
on the proportion of red-time demand in the sysem. This concluson seems to be
evident, however, it is an important point to be consdered in this research since the
proposed scheme has been designed manly for red-time demand, in which the
application of technologicd tools such as AVL could improve the operation and

coordination of the sysem components in afuture field experiment.

2.3.3 Development of solution algorithms

In terms of development of agorithms, Gendreau and Potvin (1999) classfy the research
on the basis of the adopted problem-solving approach, either smple insertion procedures

(Wilson and Weissherg, 1976; Wilson and Colvin, 1977; Jaw et al., 1986, for example)
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or repetitive application of datic dgorithms a each input update, (see for example
Psaraftis, 1980).

Previoudy, Stein (1976) provided a firsd classfication of the problem,
recognizing two generd approaches based not only on the solution procedure followed
but also on the nature of the problem sudied. He identifies the insartion approach, in
which a new incoming passenger is quoted a time of arivd and must be dlocated
(insxting his/her origin and dedtination) into the prospective route of one of the buses
(see for example Wilson and Weissberg, 1976; Wilson and Colvin, 1977; Daganzo,
1978; etc.). On the other hand, the second approach discussed by the author considers. a
patition of the region in which the sysem operates, the exigence of line-haul
connecting the sub-regions and dso the incluson of severd transfer points (where buses
dop, picking up and ddivering passengers). At that time, the number of transfers
consgdered in this kind of sysems was not an important issue. This is an aspect tha
sgnificantly affects the demand, and therefore it must be congdered in trangt network
design (see for example Potter, 1976).

Two very exhaudtive reviews and discussons of the various approaches proposed
for solving did-a-ride problems, are found in Bodin et al. (1983), and Savelsbergh and
Sol (1995). They divide the pickup and delivery problems into gatic and dynamic cases,
with sngle and multi-vehide and, with and without time windows. In addition, Sdlomon
and Desogers (1988) published an excdlent review of the vehicle routing problem with
time window condiraints.

In order to dructure the remainder of this section, the DRT problems will be

classfied according to the following issues:
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Andytic modes of many-to-many transportation systems.

Exact and Heuwridics dgorithms for solving did-aride routing and scheduling

problems.

» The datic case without time windows (dngle vehicde case and multi-vehicde
case)

= The gatic case with time windows (Sngle vehicde case and multi-vehicle case)

= Thedynamic case (Sngle vehicle case and multi-vehicle case)

2.3.3.1 Analytic models of many-to-many transportation systems

The use of andyticd modds to describe DRT systems is not very common, however
Daganzo (1978) develops an anadyticd framework to predict average waiting and riding
times consgdering non-transfer door-to-door sysems with a dynamicaly dispatched fleet
of vehides He andyzes three different digpaiching dgorithms with a smple
determiniic modd, which is then generdized to capture the reevant sochadtic
phenomena. The three dgorithms gudied are: Algorithm |: After each gop, the bus is
routed to the nearest feasible point (whether an origin or a destination of one of the
passengers in the bus. Algorithm [I: The bus dternates pick-ups and deliveries (dways
secting the closest pick-up and the closest feasble dedtination). Algorithm I111: The bus
collects afixed number of passengers and then delivers them.

The smple modd developed by Daganzo dlows him to predict quickly and
accurately the average tota time in the sysem. The contribution of his work is on the
conceptud  simplicity of his gpproach under both deterministic and stochastic conditions.

The formulation obtained was successfully compared with smulated data, therefore,



under very smpligic conditions it is maybe a good way of implementing or modifying
many-to-many demand respondve trangportation sysems without using complex
amulaion schemes The author's premise could be correct under smplified scenarios,
however under different conditions as those summarized in the previous chepter, the use
of amulation schemes and more complex formulations are in most cases unavoidable.

In addition, Daganzo (1984) presents a preiminary study of the feashility of
checkpoint did-a-ride sysems, compared to a fixed route sysem with no transfers and
door-to-door dia-aride sysems Andyticad results show the dtuaions in which a
system is more étractive than the others in terms of codt-effectiveness. For example, he
mentions that as the demand level decreases, demand responsive systems become
relatively more atractive than fixed route systems, and checkpoint sysems might

possibly become cogt- effective.

2.3.3.2 Exact and heuristics algorithms for solving dial-a-ride

routing and scheduling problems:

The static case without time windows

In the firgt case, let us discuss the problem with a single vehicle of capacity K and n
customers gspecified in advance, without time windows. The pick-up and ddivery
location of each customer is known. The only condraint is that the pick-up must precede
the ddivery of the customer.

Psaraftis (1980) develops a dynamic programming approach to solve the datic

case, udng a linear objective function. The problem is to desgn a route for a vehicle
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which will feasbly sarvice dl the cusomers known & time t=0. The condraints on the
route are four: (i) every customer is picked-up before he is ddivered, (ii) the vehicle
capacity K can not be exceed, (iii) the maximum podtion shift condraints are satisfied
and findly (iv) it is feasble to travel between adjacent activities for the route j. The
purpose of the third condraint becomes important for the dynamic case, namey in
preventing the posshility that the dgorithm will indefinitely defer the service of any
particular customer.

The objective is to minimize a weighted combination of the time needed to serve
dl dients and the totd degree of disstisfaction clients experience until their ddivery.
Dissttisfaction is assumed to be a linear function of the time each dient waits to be
picked up and of the time he spends riding in the vehidle until his ddivery. This leads to

the following objective function:

mn wT+w,Q (@W +(2- a)R) (1.29)

il N

where T denotes the route length, W the walting time of dient i from the departure time

of the vehide until the time of pickup, R the riding time of dient i measured from pick
up to deivery, and O£a £ 2. The problem is solved usng a draghtforward dynamic
programming agorithm. The state space consists of vectors (L,k;,k,,..k,), where
L denotes the location currently being visted (L=0 a the darting locations, L=i at the
origin of dient i and L=i+n a the dedtination of client i) and k; denotes the status of
cient i (k=3 if dient i has not been picked up, ki=2 if dient i has been picked up but has

not been delivered and ki=1 if dient i has been ddivered). Sarting with sate (0,3,3,..,3)
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the dgorithm explores new dates preserving feashility of the partia routes constructed
0 far. Due to the complexity of the agorithm of O(n*3"), only smdl ingances with 10

requests at most can be handled.

Fischetti and Toth (1989) develop and additive bounding procedure that can be
used in a branch-and-bound dgorithm for the sngle-vehide did-a-ride problem without
cgpacity congraints. Additive bounding refers to the use of severd bounds for a problem
type additively rather than separately.

Ruland and Rodin (1997) formulate the single vehide pick-up and ddivery
problem as an integer program. Its polyhedra structure is explored and four classes of
vaid inequdities are developed. They findly develop a branch-and-cut dgorithm based
on the system condraints in order to solve the formulated integer program. They show
computational performance of ther dgorithms for different problem dzes, showing a
quick increase in computatiiond execution time as the problem Sze increases, arguing
that larger problems exhibit a tremendous growth in the search tree resulting from many
iterations without generating additiond condraints. They only explore problems of
reduced size (no more than 15 nodes).

Psaraftis (1983b) develops an O(n?) heurigtic to solve this problem based on the

minimum spanning tree of the nodes of the problem. He shows that the agorithm's
worg case peformance is four times the length of the optimd did-a-ride tour, usng a
ample two-phase gpproximation dgorithm for the dngle vehide did-aride problem in
the plane.

Previoudy, Stein (1976) conducted a probabiligic andyss of a gngle

gpproximation agorithm, without cgpacity condraints. The dgorithm congdruct a TSP
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tour through dl the origins and a TSP tour through dl the dedinations and then
concatenates them. Stein shows that if n origin-destingtion pairs are randomly chosen in
a region of area a udng a uniform digtribution, there exiss a constant b such that the

length Y *of the tour constructed by the dgorithm satisfies

1
im -2 =2bJa  with probability 1.
n® ¥ Jﬁ

where b is a condant (recently, some empirica experiments have shown that b » 0.713).

Stein (1976) dso proves that if n origin-destination pars are randomly chosen over a

region of areaa, usng a uniform distribution, thelength Y, of the optimal tour satisfies

lim J_ =1.89b+/a  with probability 1.

n® ¥ n

This implies that the dgorithm has an asymptotic performance bound of 1.06 with
probability 1, which means that the agorithm solves the problem to within 1.067?. Stein
(1976) extends his andyss to the multi-vehicle case without time windows under a
probabilistic scenario.

Cullen et al.(1981) used a set patitioning mode as a bads for an interactive
approach for solving the problem. In an interactive optimization approach, the user is
embedded within the optimization agorithm, interrupting the agorithm to guide its steps
by aggregating certain nodes together, forcing certain nodes apart, and so forth. The

authors use an interactive gpproach that utilizes the concept of dua prices within a st

38



partitioning dgorithm framework to indicate various promising dternatives to the user.
The problem is decomposed into a clustering part and a chaning pat. Both parts are
solved in an interactive setting. The agorithm gpproach in both parts is based on st
partitioning and column generation.

A clugter consgts of a seed arc and a set of clients assigned to this seed arc. The

total number of clients assigned to a seed arc may not exceed the vehicle capacity Q. Let
(u™,u” ) denote the seed arc of the cluster and let S denote the set of clients assigned to
this seed ac. The cost ¢ of seving this cduder is agpproximated by

wotd +2§_ d,. - The cdugtering problem can be formulated as a st

ihs ihs
partitioning problem. Let J be the set of al possible clusters. For each jT J, let g
denote the approximate cogt of serving the duster, and for each il N, jT J let ajbea
binary congant indicating whether client i1 is a member of cluster j or not. Furthermore,
introduce a binary decison variable y; to indicate whether a cluster is sdected or not.
The clugtering problem is now:

mn Qcy, (1.30)

it
st.

aay =1 "ilN

jhJ

ij{OJ} "

Because the st of dl possble clugters is extremely large, a column generation scheme is
used to solve the linear programming relaxation of this set-partitioning problem. The

mester problem is initidized with al columns corresponding to duders condging of a
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sngle client. The row prices (p,,pP,,....P,)ae computed and used to define a sub-

problem to generate columns with negative reduced costs. The master problem now
heuridicdly tries to improve the current solution by using some of the new columns.
Then, new row prices are caculated and the sub-problem is solved again.

The sub-problem to be solved is a locationdlocation problem. Let

c,=2d..+2d_. and f =d, . For ech j1 Jthe binay variable x; denotes

J

whether cluser j is used or not. The sub-problem has the following mahematica

programming formulation:
min é é (Cij - P )Zij +é. ijj (1-31)
failN i
St.
a z, £Qx, jiTJ
it N
az £l it N

The problem is solved gpproximately in the following manner: choose a st of clients to
form the seed arcs. With these seed arcs fixed, solve the resulting assgnment problem.
With these assgnment fixed, solve the resulting location problem. Continue dternating
until convergence (either maximum number of iterations or no further improvement).

The duders in the solution to the clusering problem are inputs to the chaining
problem. In the chaining problem a subset of these clugters is sdected and linked to form

pickup and ddivery routes. In the st partitioning formulation of this problem the rows
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correspond to clients again, but columns now correspond to vehicle routes. The column
generation procedure links a subset of the seed arcs of the sdlected clusters. Each linking
of seed arcs is then trandated into a column for the set partitioning problem by placing a
linrow i if dienti ispart of one of the clugtersin the linking.

Kikuchi (1984) develops a vehicle dispaiching procedure designed to minimize
empty vehicle travel and idle time for this problem. The objective in this paper is to

minimize unproductive vehicle time, therefore, the fleet Szeisminimdl.

The static case with timewindows (single vehicle case and multi-vehicle

case

Psaraftis (1983a) modifies the dynamic programming agorithm developed in Psaraftis
(1980) to solve the single-vehicle problem with time windows. The mgor difference
between the new and the origind dgorithm is the use of forward instead of backward
recurson. The new agorithm requires the same computationd effort as the previous one
and is able to recognize infeasible problem ingdances. Time windows are handled by the
dimination of time infeesble Sates.

Kikuchi and Rhee (1989) extend the previous vehicle scheduling modds
developed by Kikuchi (1984) to a demand-respongve transportation System, assuming
many-to-many trave demand, multiple vehicles, and time window condrant for pick-up
and ddivery. The modd builds vehicle schedules one vehide a the time, maximizing
the number of trips requests to be handled by each vehicle They develop a two-step

modd (initid route congruction and subsequent insartion of additiond trips on the
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initid route). They use a tree dructured search technique for checking feasibility aong
with accomplishing their fina objective.

Desrosiers et al.(1986) dso present a dynamic programming approach, which is
very effective when the time windows are tight and the vehicle capacity is smal.

Sexton and Bodin (1986 a, b) consder the did-aride problem with desred
delivery times specified by the clients. The objective used by the authors minimizes the
total inconvenience that a customer may experience. Totd inconvenience is expressed as
a linear combination of excess ride time and deviation from the desred ddivery time.
This gpproach is dso agpplicable if al customers specify pick-up time rather than a
desired ddlivery time.

The solution approach applies Benders decomposition to a mixed 0-1 norlinear
programming formulation, which separates the routing and scheduling component.

They use space-time separation indicators between tasks, measuring the trave

time between locations at which the tasks are performed.
Let Ac be the desired delivery time of client k. The latest possible pick-up time

D is then defined as A« - t... - The space-time separation indicators between tasks |

and | are defined as follows

o (1.32)
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The dgorithm was tested on red-life problems for up to 20 cusomers. The solutions
obtained were consdered very good compared with solutions used in practice.

The multi-vehicle static case with time windows is treated by Dumas et al.(1991).
They present a set partitioning formulation for the dtatic case and a column generation to
solve it to optimdity. The approach is very robust in the sense that it can be adapted
eadly to handle different objective functions and variants with multiple depots and a
non-homogeneous fleet of vehicles. The authors develop an approximation agorithm to
solve the problem, based on the creation of miniclusters, which represents segments of
vehicdle routs garting and ending with an empty vehide. Every miniclugter is treated as a
trangportation request that entirely fillsavehicle.

loachim et al. (1995) utilizes the same two-phase solution approach (cluster firdt,
route second philosophy) in order to gpproximate the globa routing solution alowing
the insation of additional requests during the operation day. Such insetions ae
facilitated when periods of free time can be joined into longer nortinterrupted periods.
They propose a nonliner objective function, which accomplishes this while dso
minimizing operaiona cods. The approach can solve problems of about 200 customers
and 85 miniclugtersin a very reasonable computationd time.

Psaraftis (1986) describes and compares two dgorithms for scheduling large-
scae advance-request did-aride systems. One is the GCR
(Grouping/Clugtering/Routing) described in Jaw et al. (1982) and the other is the
agorithm developed by Jaw et al. (1986) cdled ADARTW (Advanced Did-a-Ride with

Time Windows). He gives an overview of both procedures, emphasizing the differences



in ther operational scenarios, describes computationa experience with both procedures
and includes worst-case considerations for ADARTW.

ADARTW is one of the mog traditiond heurigic dgorithms for solving the
multi-vehicle problem. The time window condraints consst of upper bound on the
amount of time by which the pick-up or ddivery of a cusomer can deviate from the
desired pick-up or ddivery time. They add an additiona congraint associated to the
maximum time that a cusomer can spend riding in the vehice. They use a traditiond
sequentia insertion dgorithm to assgn customers to vehides and to determine a time
schedule of pick-ups and ddiveries for each vehicde. The objective function is to
minimize a combination of customer dissatisfaction and resource usage.

Time windows on both the pickup and ddivery time of a client are defined based
on a precribed tolerance W and the specified desired pickup or ddivery time. If client |
has specified a dedred pickup time (P-customer), the actud pickup time APT, should
fal within the time window EPT, < APT, <EPT, +W; if he has specified a desred
ddivery time (D-customer), the actud deivery time ADT, should fdl within the
window LDT, - W < ADT, < LDT,. Moreover, his actud travel time should not exceed

his maximum ride time LDT, - LPT, £ MRT,. A graphic representation of these

bounds is shown in Figure 2.1.
DRT, is defined as the desired ride time for customer j. For each type-P(D)
customer ADARTW derives three types of time, which, together with that cusomer EPT

(LDT), conditute a par of time windows (one for pickup and one for deivery) for that

customer. These times are defined as follows;



For type-P customer (EPT specified, see Figure 2.1a):
Latest pickup time LPT = EPT +W
Ealies ddivery time EDT = EPT + DRT
Latest ddivery time LDT = LPT + MRT
For type-D customers (LDT specified, see Figure 2.1b):
Ealies ddivery time EDT = LDT - W
Latest pickup time LDT = LDT - DRT

Ealiest pickup time EPT = EDT - MRT

DRT ‘
W ‘ MRT
@
Time
—p
DPT = EPT LPT EDT LDT
‘ DRT
‘ MRT | W
(b)
Time
EPT LPT EDT DDT =LDT

(1.33)

(1.34)

Figure21  Timewindowsin ADARTW algorithm, (a) for type-P customers, (b)

for type-D customers.
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The dgorithm utilizes an explicit defined objective function. The basic idea is to
build routes and schedules by sequentidly inseting each customer into the mogt
promising “provisiona” route and schedule congtructed thus far.

Sexton and Bodin (1986 a b) extend ther adgorithm for the single-vehide did-a
ride problem with desred ddivery times to a two-phase dgorithm for solving the multi-
vehicle case. In the firg phase, customers are assigned to vehicles and a sngle-vehide
did-a-ride problem is solved to condruct an initia feasble solution. In the second phase,
the agorithm attempts to reassign customers with bad service to other vehicles in order
to find a better solution. They basicdly develop a traditiond clugter firs, route second
approach. The set of requests is partitioned into vehicle dusters and a single vehidle did-
aride solved for each cluster. To further reduce tota user inconvenience, requests are
then rdocated one a a time in vehides different than where they were origindly
assigned.

The most recent gpproximation solution procedures include the column
management scheme by Davelsbergh and Sol (1998), another insertion heuristic by
Madsen et al. (1995) and the pardld insartion heuristic developed by Toth and Vigo

(1997).

The dynamic case (single vehicle case and multi-vehicle case)

The dynamic case condders the case in which cdls ae generated dynamicdly.
Therefore, the system has to be examined every time a new cdl is generated. At tha

time, some of the ealir cusomers have been ddivered to their degtinations, and
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therefore they are no longer included in the sysems. The remaining ealier customers
who have requested service have been assgned to a vehicle and are ether on board the
vehicle or are waiting to be picked up. Moreover, at this time, the route and schedue of
eech vehicle is known. The problem is to determine the assgnment of the new customer
to a vehicle and the new route and schedule for the vehicle that the customer is assgned
to.

Note that now the assgnments are carried out in red time, and therefore the
dgorithms mug be efficient and fast.

A vey interesing review about dynamic vehicle routing problems is deveoped
by Psaaftis (1988), in which he identifies the important issues that differentiates the
dynamic case with respect to the dtatic one, highlighting some methodologicd issues and
pointing out the generic design features that a dynamic vehicle routing procedure should
posses. He aso discusses the adaptation of static gpproaches to a dynamic setting, and
describes the algorithms for the dynamic routing in a particular case.

The main differences between the dynamic and the daic case according to
Psareftis are:

Time dimengon is essntid;

Problem may be openended;

Future information may be imprecise or unknown;

Near-term events are more important;

Information update mechanisms are essentid;

Re-sequencing and reassignment decisions may be warranted;

Faster computation times are necessary;
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Indefinite deferment mechanisms are essentid;
Objective function may be different;
Hexibility to vary vehicle flet Szeislower;

Queuing condderations may become important;

In addition, he provides some important design features in case of dynamic sysems. He
affirms that the procedure should be interactive; it should dso have a “resat”
capability. The syssem should dso be hierarchicaly desgned and user friendly.

In terms of agorithms, there are two ways to ded with such a problem.

One dternative is to adapt a datic approach. The success of this procedure
depends on the specific approach and setting though. A successful  red-time
implementation of a datic aoproach has been reported in Bdl et al. (1983), for the
routing and scheduling of a fleet of vehicles ddivering a bulk product stored & a centrd
depot. The routing “core’ of the procedure is the datic agorithm of Fisher et al. (1982),
which is based on a mixed integer programming formulation of the problem and a
solution usng Lagragian relaxation and multiplier adjusment method. One feasble way
to adapt a datic agorithm to a dynamic case is to rerun the procedure virtudly from
scratich each time a (dgnificant) revison of the input occurs. An gpplication of such an
gpproach is found in Psaraftis (1980), who extends the dynamic programming agorithm
described for the static immediate request did-a-ride to the dynamic case. In this case,
new cusomer requests are automaticaly digible for consderations a the time they
occur. The procedure is an open-ended sequence of updates, each following every new

customer request. The dgorithm optimizes only over known inputs and does not



anticipate future requests. The dynamic case judifies the congraint bounding the pick-up
(or ddivery) position shift, in order to prevent indefinite deferment.

An dternative and more commonly used adaptation would be to handle dynamic
input updates via a series of “loca” operations, gpplied via the execution of an insertion
heurigtic (possibly followed by an interchange heuridic), after the Satic core agorithm
is executed. This would involve running the daic dgorithm jugt to initidize the process
(say, once every day), and rely on “loca” operationsfor al subsequent input updates.

Locd operations provide a reasonable way to handle dynamic input updates,
their mgor advantage being execution speed. The fastest loca operation method is an
“insartion” approach, in which a new request is inserted within the current schedule,
without perturbing the sequence of vidts dready planned. The main drawback of these
methods according to the review by Psaraftis is that it cannot take care of the need of
possible resequencing or reassignment operations.

The firg gpplication of the insartion gpproach for solving the dynamic verson of
the did-a-ride problem was caried out by Wilson and Weissberg (1976), and Wilson
and Colvin (1977). The insertion involved both the pick-up and ddivery locations and
takes care of the implicit precedence congtraint between the pick-up and the delivery.

The objective function to be minimized over dl feasble insartion places includes
the delay between the time of occurrence of the service request and its planned pick-up
time, the ride time from the pick-up time to the ddivery locaions and the deviation
between the planned and promised pick-up times. They adso incorporate an additiona

term in order to spread the tour length equally among al the vehicles.
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The functiond form used is quadratic in the varigbles defined previoudy. The
basic adgorithm was later extended through deferred assgnments to dleviate the myopic
behavior of this smple insartion approach (Wilson and Miller, 1977). The dgorithm is
solved for the multi-vehicle case using the branch-and- bound technique.

Customers are broken down into classes depending upon the service demanded.

Let D;; bethedisutility for theith customer in classj. Then
D, =a, w’ + b, R? +C; P? (2.39)

where a,,b; and c; are parameters; w; is the pick-up time for customer i minus the
time for request for service for customer i; R is the ride time from pick-up to ddivery
for cusomer i; P is the actud pick-up time minus the promised pick-up time for

customer i. Thus, if it is proposed that customer p in dass q be assgned to a vehicle

then, the totd diautility for al cusomersis

D,,+& 4 (D - D) (1.40)
i

where D; is the disutility for cusomer i in class | after customer p in dass q is assgned
to avehide and D; is the same before cusomer p in dass g is assgned to the vehicle.

The additiond term in the objective function that attempts to spread the tour length

equdly among dl the vehides, is defined for vehicle v as follows
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(it - 7L, )(dTL + et ) (1.41)

where d and e are parameters, TL! is the tour length for the vehicle under consideration
after the new passenger is insarted into the vehicle's route, TL, is the tour length for the

vehicdle under andysis before the new passenger is inserted into such a route, and TL is
the mean tour length after assgnment. Thus, the totd objective function seeks the best

vehideV to assgn the new demand. The vehiclev isthe one which minimizes z where

z=D,,+8 & (D - D)+ (Tt - 7L, )[dTL +eTL,) (1.42)
i

Wilson further extends the agorithm in order to incorporate an automatic reassgnment
capability that sysematicdly reconsders previous assgnments, as pat of the overdl
control procedure. He implements this procedure in Rochester as part of a fied study
(Wilson and Colvin, 1977).

A dmilar insetion heuridic is proposed in Roy et al. (1984) for the
trangportation of the disabled. In this gpplication, a fair amount of requests are known in
advance. Initid routes are thus congructed for those requests. The dgorithm fists forms
min-clusers of customers that fit naturdly together due to time-spatid proximity. A
route is then condructed within each mini-cluser with an insartion procedure. Findly,
the solution is improved by moving customers from one route to another. Red-time
requests are incorporated in the initid solution framework usng such an insartion

procedure. An important feature of this work is the use of rolling horizon: the earliest
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pick-up time of any given request mug fdl within the horizon to be conddered for
incdluson in the current solution.

Madsen et al. (1995) developed another insertion approach for a demand
responsive transportation system established by the Copenhagen Fire-Fighting service
for the dderly and disabled. In this case, a far amount of requests are known in advance
and are scheduled daticdly through an adgptation of the insartion dgorithm of Jaw et al.
(1986). Real-time requests are handled in a sequentid fashion using an insartion rule thet
minimizes a weighted sum of components that measure the inconvenience to the new
customer, the additiond inconvenience to other customers dready assigned to that route
and various operations costs.

Interchange methods can be used after the insertion to improve further, the set of
routes and schedules. Such methods are based on the concept of “k-interchange’ made
widdly known by Lin (1965) and by Lin and Kernighan (1973) for the TSP. Again, there
is a drawback of these methods, and is that they tend to become computationally

prohibitive as k increases.

24 Mixed services: various approaches and solution algorithms

As discused in the previous section, there are multiple technica references regarding
did-aride service routing-scheduling design in the literature over the last years. In
contrast, a limited work is found in integrating door-to-door services with fixed route
lines, usudly cdled hybrid or mixed service in the specidized literature. The idea of
integration of trunk lines and feeder services adds flexibility to the system, and dso it

should improve vehicle productivity mainly on trunk lines In addition, the idea of
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shifting some did-aride demand to fixed routes may dleviae some of the demand
pressure for the door-to-door service vehicles caused by specid requirements unable to
use traditional fixed route schemes (elderly, disabled, etc.).

A recent research in Mducdli et al. (1999) and Crainic et al. (2001) describes a
new flexible collective trangportation sysem. Their sysem consders conventiona fixed
route lines combined with lines based on flexible itinerary and timetable. The system
exploits the idea that the integration of flexible “many to few” and “few to many”
flexible systems, yidlds a “many to many” transportation sysem which is able to meet
the persond transportation needs of a large customer set. The limited research in this
areaincludesthework by Liaw et al. (1996), and Hickman and Blume (2000).

Both approaches are based upon developing insertion heurigtics. Hickman and
Blume (2000) formulate the problem of scheduling both passenger trips and vehicle trips
for a proposed integrated service. The service works in three stages the demand
responsive service connects passengers from their origin to the fixed route service and
(or) from the fixed route sarvice to ther find dedtination. The modd assumes a fixed
route schedule, desired pick-up and delivery points, typica time windows congraints for
pick-ups, ddiveries and trandfers and some additiond passenger level of service
condraints. Usng this information, they determine which trips are digible for integrated
sarvice usng the passenger level of service condraints. A schedule for both passenger
and vehicle trips is created in order to minimize a measure of the cost of sarvice. They
use a modified insertion verson of the heurigics by Jaw et al. (1986) in order to
schedule integrated trandt trips that accommodates both passenger and  vehicle

scheduling objectives.
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Liaw et al. (1996) define the integrated mode as a bimoda dia-a-ride problem
(BDARP), including paratrangt vehicles as wdl as fixed route buses. They congder
unlimited transfer as a way to combine modes. They desgn a decison support sysem
(DSS), which automatically condructs efficient paratrandt vehicle routes and schedules
for the BDARP. Because of the combinatoriad complexity of the BDARP, it may take a
prohibitive amount of computationd time to find a globad optima solution for large-
scde problems; therefore, the authors have designed an approximated adgorithm for the

off-line decison support system, described as follows:

Sep 1. Deemine an initid fessble savice configuration. This includes
determining the possible fixed bus route (and hence entry and exit points) to be
used in serving each request, generating the associated paratrangit vehicle trips,
and then dlocating these paratrandt vehicle trips to available pieces of work.
(This step is supported by the on-line DSS).

Sep 2. Compute the cost measure for the initid feesble service configuration.
That is, find the optima route and schedule for each piece or work usng the
sngle vehide did-a-ride agorithm, and then determine the totd cost measure of
these pieces of work.

Sep 3. Attempt to find a new feasble service configuration with reduced cost
measure. That is, atempt to recondruct the service configuration so that totd
cost messure is decreased. When a new service configuration is found with
reduced tota cost messure, perform the recongruction forming new service

configuration, and continue Step 3. Otherwise, go to Step 4.



Step 4 Apply the online operation to those requests on stand-by, determine the
required paratrandt vehicle trips and atempt to insat them into the current

schedules of pieces of work.

Liaw et al. (1996) insartion heuridtics is tested on a data set from Ann Arbor, Michigan
showing an average increase in 10% in the number of requests hat can be accommodated
and an average decrease of 10% in the number of paratrandt vehicles required, as
compared with the manua results with no fixed route buses. Hichman and Blume (2000)
on the other hand, illustrate their method using a case study of trangit service in Houston,
Texas, showing the advantages in cost as wel as the impact on passenger level of
sarvice from implementing integrated trangit service.

One drong assumption made by Hichman and Blume (2000) when specifying the
generdized time or disutility function used in ther dgorithm, is to add a fixed transfer
pendty (in their case, they add a pendty equa to 5 minutes), independent of the number
of transfers redized. The number of transfer is dso part of the cost function, but it only
has a linear influence on the generd expresson. Andyticdly, the disutility function Z is

written as follows

Minimize Z=bWT + b, IVT + b, XT + b, NX (1.43)

where Z = gengdized time or disutility, WT = totd waiting time, VT = invehide
travd time, XT = trander time, NX = number of trandfers, and b, b,,b,, b, =

weights (coefficients) on each varigble.

55



Findly, the research by Horn (2001, 2002) proposes an interesting insertion
heurigic dgorithm and is mixed in the sense of combining different types of
trangportation sysems. Thus, taxis, demand-responsve sarvices and  conventiona
timetable services, such as buses or trains are modded. The author develops a system
with demand coming up in red-time. At the same time, mode choices as wdl as
scheduling decisons are taken based upon a time-windowed incrementd insertion
procedure.

With regard to trandfer disutility measures, some work has been done in
measuring the impact of intermodd trandfer disutility, usng dated preference data (Liu
et al., 1997) and usng a macroscopic Smulation experiment (Liu et al., 1998). However,
none of these studies have consdered the nonlinear effect in trandfer disutility that, as
mentioned in Chapter 1, could result in excessve perceived cost not captured by the
exigent methodologies and trestments. Mixed services desgns have overlooked this

effect, which could serioudy impact the potentia demand of such systems.

25 Final remarks

In this chapter, a complete literature review regarding flexible trangt systems operations
and routing/scheduling dgorithms is presented. The chapter sarts with the description
and mathematica formulation of the generd pick-up and ddivery problem; then most of
the specidized literature in did-a-ride and demand respondve agorithms is presented a
length. A section discussing the study of mixed services is added to the discussion.

Today, there are hundreds of did-a-ride sysems operating in the country. Most

of them are andl, however, usng less than 20 vehicles, and dispatching them manudly.
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They are operated by trandt agencies, private non-profit organizations, and sometimes
for profit firms under contracts.

As mentioned by Black (1995), subddization is the rule. Rardly do passenger
fares cover costs, and some services are even free. The mgority of the systems are
limited to specid dlients like the ederly or disabled. Although, a lot of efforts have been
devoted in developing tools and agorithms for optimizing such systems, ridership seems
to be very low, implying very high operation codts involved. Fares have generdly been
kept low to attract passengers, increasing the needed subsidies to run these systems.

In this dissartation as mentioned in the introduction chapter, the god is to
propose a radicaly different transportation scheme, somewhat competitive with the
automobile. The system requires high coverage, referring to the avalability of a large
number of vehides, unlike traditiond did-aride and paratranst services, which could
operate in conjunction with private and eventudly pararangt sysems. In the next
chepter, detalled description of the concept dong with some prdiminary feashility

smulations are presented.
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3 RESEARCH APPROACH: THE PROPOSED CONCEPT

3.1 General considerations

This chepter presents a new conceptud design and preliminary feasbility smulation
results for a flexible trangt system for travel from any point to any point based on red-
time pesondized travd dedres, which is now possble due to advances in
communication and computing technologies. From the discusson of the previous
chapters, it is clear that the research on this area must first develop conceptua designs
different from older schemes for demand-responsive trandt, which have often proved to
be failures.

The research direction relies on certain premises, the primary one being that the
falure of ealier demand-responsve trandt sysems semmed from low passenger
demands caused by excessve waiting time for patrons, poor coverage of the networks by
demand-responsve  vehicles, and poor computational  dgorithms  and  routing
cgpabilities. Lack of flexibility for demand-sde management was an added difficulty.

The proposed system is of “High-coverage,” refaring to the avalability of a
large number of trandt vehicdes (often minibuses or vans — actudly they could aso
operate in conjunction with private trandt and paratranst sysems) in a way where the
travel option is a least somewhat competitive with persond auto travel. The design
drictly eliminates more than one trandfer for any passenger and introduces “passenger
pooling” a pickup points with pooled passengers being able to travel to any dedtination

thus avoiding a drawback of the “car-pooling” paradigm in auto travd. The cost-
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effectiveness of such a system directly depends on the passenger occupancy of the
vehides and amulations will determine what levd of supply in terms of trangt vehicles,
and what desgn of routing/rerouting schemes and transfer hub locations would render
the system effective in a candidate urban context.

In this chepter, the proposed concept is outlined, and results from initid
smulaions (which do not use some of the advanced routing schemes possible as
described in Chapter 4 and 5) are provided to show that the concept can yidd a transt
sysem that is efficient.

The new sysgem rdies heavily on new technologies for implementation,
primarily information sysems and vehicle location identification systems such as GPS
and map displays. Red-time operdions usng automatic updating of vehicle routing in
red-time, and information dissemination to the passengers in the vehicles as wel as a
home, is akey component.

On a cursory look, the proposed system may look Smilar to paratrandt sysems
(or taxis), but it has subdantidly different characterigics in terms of vehide
deployment, coverage design and gpplication of technology. It is dso a sysem idedly
auited for much more efficent public invesment than in conventiond trangt. It is
perhaps deployable only by initid public invetment, though it has tremendous
flexibility in terms of potentia privaie-public cooperation. A newly initiated research
project (funded by the PATH program of the Cdifornia Department of Trangportation) is
expected to yidd implementable system design, routing guiddines and software, as well
as lead to a fidd test with deployed advanced technology in the future. It is a public

trangt approach that coud potentidly remove the common criticisms about conventiona
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trangt sysems and provide dternatives with much more competitiveness to persond
auto, however an initid assessment of feashility is needed, and that is attempted in this
chapter.

The primary problem faced by exiding implementations of did-a-ride sysems is
the low occupancies found in the busesivans and the resulting cost of operation. Black
(1995) reports some operating datistics for 20 of the larger demand-responsive systems
in US for fiscd years ending in 1992. Vehicle productivity (average number of
passengers picked up every vehicle hour) ranged from 1.44 to 5.31, with an average of
2.92. The resulting operating cost per passenger ranged from $6.23 to $18.34, with an
average of $9.88. Black (1995) adso mentions another performance indicator, the level-
of-service index, which is the raio of request-to-ariva time by did-aride to door-to-
door travel time by automobile. The lower the ratio, the better the service. Experience
shows that the index is usudly in the range of 2.0 to 3.0 (i.e, 20 to 30 minutes waiting
for a 10 minute trip!). This means tha demand-responsve systems tried in the past are
absolutdy not competitive with auto travel and thus will have low ridership, with
normaly only those without an avalable auto-option using it. The average passenger
loads reported by Black (1995) are very low, showing the inefficiency. A few numbers
are even less than one, meaning that a large portion of the time the vehicles are anpty.
That is in pat why efforts have been to use the sysems in smdler contexts, mostly
oriented to the sarvice of smdl communities or passengers with specific requirements
(elderly, disabled), often driven by the requirementsin the Federd acts for the disabled.

The point is clear that if demand responsve trandt is to ever become codt-

effective, the occupancies in the vehicles should go up, a least to 3 or 4 passengers on
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average for vantype service, and 15-20 passengers for bus-type service. This will not
happen unless the levedl of supply of vehides is ggnificantly higher, and the time
between cdl and sarvice is ggnificantly lower to make even those who think of trangt as
an option to sdect it over persona automobiles. The waiting time a  pick-up should be

no more than 10 to 20 minutes. The desgn should aso ensure that no more than one

transfer is made by those traveling up to 10 or 15 miles, since this is an aspect that
sgnificantly affects the demand, and sometimes overlooked in transt network design.

The proposed scheme is described next. The scheme proposed next combines
many-to-one and one-to-many operation systems, consdering both a trunk and a surface
network, involving high levd of supply (high-coverage) and transfer hubs in demand-

responsive trangit.

3.2 High Coverage Point-to-Point Transit (HCPPT): the proposed

concept

The HCPPT sysem may look dmilar to padrandt sysems (or taxis), but it has
ubgtantidly different charecteridtics in terms of vehicle deployment, coverage design,
coordinated routing, and application of technology for information supply. The scheme
is based on one among a number of avalable trangt vehicles (mini-buses or vans) being
rerouted in red time, as a cdl comes in, with the trangt vehicles being assgned to
certain coverage aress (“cdls’), say a hexagon with one-mile edges. The trangt vehicles
trave to trangt “hubs’, one of which could, for example, be desgned for say seven of

such “cdlls’ (grouped asa“cdl cluster” or “zone cluster”).
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Each trangt vehicle is assgned to a home area where it has a “reroutable’
portion of its trip in a given cdl, and it has a “non-reroutable’ portion of travel on a
trunk line to a given neighboring hub it is assgned to go to. A passenger going from a
given area to another, can be routed in a vehicle that picks up and drops him/her a the
adjacent area hub (the vehicle returns) from where he/she travels to the destination point
on another vehicle that is rerouteble there. The generd scheme as well as the way of

operation of HCPPT vehicles are shown in Figure 3.1, parts a) and b) respectively.

Hub region

Figure3.1 A sample scheme of the proposed concept

As an example, in Figure 3.2a, a travel from A to B can be done first on a vehicle that is
reroutable in the origin cdl in aea 1, and assgned to go to hub 4. The remaining travel
after the trandfer can be in a vehicle assgned to the degtination cdl but returning from
hubs 1, 2 or 3. An dternative option (Figure 3.2b) is to sdect a vehicle form the orign
zone that is going to hub 2 and trandferring a hub 1 to a vehicle tha is returning from

hub 1 to the degtination cdll where it is assigned to be reroutable.
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Figure3.2  Trave optionsfrom origin A to destination B

An dgorithm using red-time rerouting cost-comparisons (which are used to modify
locdly optima traveling sdesman tours) does the vehicle sdection for passenger and
vehicle rerouting.  The flexibility in travd options and the optima routing notions used
cause the system to be very efficient. Appropriate cost function comparisons dso ensure
solutions that would improve the vehide occupancy on the trunk lines with minima
extrawaiting at the home or transfer nodes.

Mogt travel is redricted to within cel-clusters or between adjacent cdl-clusters.
If vans are to be scheduled for longer distances, there will be inefficiencies due to the
number of OD pars. Long trips ae posshble though, by usng the same scheme
presented above, but conditioned to a reduced number of vehicles when tranderring a
the hub location. Notice from the sysem that vehicles can trandfer a both hubs,
depending on the travel requirements of passengers on board a the time the vehicle is
sent to the hub for entering the trunk portion of its route. In case of nonadjacent trips,

say atrip from hub 2 to hub 3, should be served by a vehicle reroutable within hub area
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2 and going to either hub 1 or 4. The passenger can be picked up there only by vehicles
that are reroutable in hub 3., redricting the travel options in aout haf. This congrant
dlows the sysem to operate in the same flexible manned described above, but adding
potentiad demand between non-adjacent hubs. Note that in this case the extra pendty will
be only due to extra waiting time a hub, the rest of the operation and level of service
should remains unaffected.

However, for an example cdl sze of 1-mile edges for the hexagons, trave
between points up to over 15 miles is possble. The cdls can have any shape according
to demand patterns in red gpplication. Note that the sysem makes sense only with
aufficient number of vehiclesin the system (2 or 3 per square mile gppear to be enough).

The various issues involved in the desgn and implementation of such a system
are addressed in this dissertation. The HCPPT system is paticularly suited for fast red-
time routing schemes based on optimized vehicle sdection dgorithms and decomposed
locad solutions for the “pick-up-and-ddivery” logidics. A red-time control scheme
based on congantly updated demand and vehicle-pogtion probability digtributions has
been dso developed (see Chapter 5 for details) and this aspect is a basic difference from

many of the DRT systems of the past. Next, the main aspects of the scheme are listed:

Smdler vehides (typicdly 7-seat vans or even cars). Lower fares (less than 1/2 of
taxis, and consderably less if subsdies are consdered — perhaps as low as current

trangt fares) due to higher average vehicle occupancies, higher than taxis.



Vehicle occupancy can be bettered with “passenger-pooling” or “stop-pooling” -
Passengers join a the same stop, for a fare incentive. Better than car-pool due to
lack of redtrictions in destinations.

Use of information technology. Internet for user cals, wirdess and GPS location
systemsfor vehicles.

Recurrent demand from signed-up customers, as well as demand from others.

reroutable and non-reroutable portions in the vehicle trips, with cgps on number of
reroutings.

Implementation can be incrementdly phased or contracted out for private fleet

operators.

As introduced in Chapter 2, a sysem with al the technica capabilities to implement
HCPPT is currently under fidd-test in Corpus Chridti, TX, with federd funding, under
the leadership of Robert Did of Volpe Center (the ADART system). While that system
handles higher coverage and red-time routing based on AVL technology, its routing
schemes are different and it is without the one-transfer, reroutable/ non-reroutable design
and logigtical optimization developed here.

In this chapter, such a proposed sysem is sudied using a discrete event
gmulation gpproach. In what follows, the smulation procedure is described, detalling
the objects, sysem daes and events occurring throughout a smulation run. In what
folows, a paticular implementation of the smulation concegpt dong with some

preliminary results are shown in detall.
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3.3 Feaghility study

3.3.1 Simulation scheme and computational implementation
In the present section the dmulation framework developed for the prdiminary
examination of feasibility of the proposed system is described.

The smulation was coded in C++, based on a discrete-event sysem smulation
approach (Banks et al., 1995). The most relevant event here is associated to the state of
trangt vehicles a any time. The random generation of service requests is the other event
to be smulated under this gpproach. The cyclic sequence of vehicle dates (tasks) is
defined asfollows:

Sate 1: Waiting for being assigned to pick-up a customer.

Sate 2: Already assgned to pick up a specific passenger and going to hig(her)

origin location.

State 3 Going from last origin of a cdl location to trunk network entrance point

(can be origin hub or another point).

Sate 4: Dropping passengers a origin hub.

Sate 5: Going from trunk network entrance point to find hub.

Sate 6: Dropping passengers a find hub.

State 7: Picking up passengers a find hub.

State 8 Going from find hub to ether firs cusomer to be ddivered if vehicle is

full or origin hub otherwise.

State 9: Picking up passengers a initid hub.

Sate 10: TSP ddivering of passengers.
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Note that this sequence of vehicle tasks smulates in a very smple way the proposed
system presented in the next section.

In States 1and 2, transit vehicle j (of current position v, ) is avalable to pick up

passengers over its assgned origin clugter zone, till it is full or till there are no more
cdls to pick up within the zone The vehide (among the avalable ones) fulfilling the
minimum cogt resulting from the cal insartion in its current schedule should be the one
that gets rerouted during the pick-up portion. In the experiments presented in the case
study, we consider asmple cost function as a vehicle assgnment indicator.

In State 3, if ether the trandt vehide is full or there ae no current cdls
generated, it proceeds to the trunk network and towards its assgned degtination hub. We
assumed a uniform distributed demand over the space, and therefore we assign our fleet

homogeneoudy over the posshle dedtination zones from each origin zone. Let us define

HO, and HD, as the origin and dedination hub zone of transit vehicle j respectively.

The vehicle could enter the trunk network either & the origin hub HO, or a any point

adong the route (the point minimizing the totd travel time between the decison point and
the hub dedtination as is shown in Fgure 3.2 is chosen). If the vehicle sop a the origin
hub, it normdly means tha some passenger’s dedtination is different from that of the
vehicle's, and that they must be dropped there (State 4).

Our definition of pick-up vehice avallability, as mentioned above, consders
vehicles assgned to the customer area in sates 1 and 3, i.e, vehicles in their reroutable

portion not currently assgned to pick-up a new custome.
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Next, the vehicle travels dong the trunk route till the degtination hub HD, (non-

reroutable portion of the route). At the dedtination, dl the passengers must get off from
the vehicle. Every passenger waiting a the hub with dedination a the assgned vehicle

zone (hubHO,) should board the vehicdle till the travel vehicle is full. Next, the vehide

goes back to its origin for picking up passengers waiting to be dropped to ther

degtinations  within the corresponding cluser zone HO, (reroutable portion of the

vehicleroute). Thisinvolves Sates 5,6, 7,8 and 9.

Findly an approximated agorithm is used for a TSP traveling sdesman problem:

solution in order to deliver passengers to their dedindion within zoneHO,. This

agorithm operates in a very efficient way, and because the number of degtinations to be
vidgted by every vehicle is no more than about four to seven points, the solution should
match with the red <olution of the TSP problem. After finishing the TSP tour, the
vehicleisavailable to pick up new customers (State 1).

Note the dmplicity of the demand-responsive routing dgorithms for solving
Sates 1 and 4. Although it is not dear intuitivdy how efficient such an operationd
desgn is, the smplified smulation could give us an idea aout the feeshility of the
sygtem and the advantages of developing and implementing much more sophisticated
agorithms to support dynamic fleet managemen.

For example, note that State 4 and State 1 are solved sequentidly, though solving
the picking up and dropping off processes smultaneoudy would of course be more
effident, taking advantage of the low vehicle load adong the TSP route, specidly when
the vehicle is ddivering the last passengers of the sequence. Such operational schemes

are currently being developed and implemented into the system. In the next section, we
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present our preiminary smulation experiments, emphasizing dl the assumptions

some interesting results obtained from them.

In Figure 3.3 the vehicle schedule described in this section is shown.

dtrunk/ Vtrunk

Min}dg"id_'_dtrunkf,:I
M ngrid Srunk.

dtrunk / Srunk

} dgfid+ dtrunk‘il
f sgrid Srunk.

Approximated TSP:
Nearest neighbg

Figure3.3  Vehicle schedulerepresentation.
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3.3.2 Simulation assumptions and preliminary results

3.3.2.1 Generalities

In this chepter, the smulations conducted are drictly to show initid feashbility. Thus
catan amplifying assumptions have been made. Schemes for routing vehicles using
real-time updates of probabilities and elaborate expected cost values, described later, are
not used in the smulation since they require gpplication to a rea network with red-time
dynamic traffic and demand conditions. In Chapters 4, 5, 6 and 7 these find routing
schemes and experiments are devel oped.

The experiment was carried out over an abdract smplified network considering
different levels of service. The amulations themselves are based on gpproximate travel-
time cdculaions, to show initid feashility. Also, the smaler cdl szes would reduce the
travd times while keegping the walting time a pick-up somewha same, as we use
essentidly the same fleet sze dendty (1 or 2 per square mile, as proposed in the
scheme). Thus, the initid dudy is performed to look at the worst case performance of
the system. As the reaults indicate below, we were able to find competitive fleet usage
results and wait-vs-travel time results.

The proposed HCPPT system was smulated over an area of 165 square miles.
This aea is divided in four cluser zones, each containing a tota of seven hexagond
cdls 1.5 miles on each sde. This results in an gpproximated distance between adjacent

hubs (centroid of the cluster zone) of about 7 miles. Trangt vehicles could initidly be
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located a any cdl zone centroid, including of course the hub location itsdf, in order to
take advantage of the termina capacity dready implemented there.

For the non-reroutable portion of the vehicle trips, the travel is assumed to be
adong a trunk network between hubs. Euclidean distances and a 50 mph speed are
assumed for travel. On the other hand, for the reroutable portion of the vehicle routes
(within cell zones) the level of sarvice is assumed to be worse than that on the truck
network. A combination of Manhattan and Euclidean travel distances and 25 mph speed
are used.

The demand is generated randomly in the smulation, because demand modds
for this kind of service are not available currently. The cal generation was assumed to
follow a spatid uniform digtribution over the study area. The cal frequency is a random
Poisson process with a mean | (pax/ hr-square mile). Inthisstudy | = 2, 3, 4, Sare
consdered. These are numbers comparable to existing trandt demand in many US dities,
though the new system could potentialy generate much higher demands. Thus, these are
consarvative numbers. For now, let us assume smal vehicdes like vans (with capacity
say 7 pax/vehicle).

The boarding times are assumed to follow a normd didribution N(2.0,1.0) per
customer at pick-up location and a uniform distribution (say between 5 and 10 seconds
per customer) a a hub. The dighting time is consdered uniformly digtributed between
0.5 and 1.0 minute per customer at the destination, and between 5 and 10 seconds per
customer at a hub termind.

The most conservetive assumptions are related to the pick-up decison (involving

vehidein States 1, 2and 3) and ddivery (Sate 10) procedures. Fird, let us Smulate the
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cax in which the trangt vehicle assgned to pick-up a cdl dready in the queue of
customers waiting the one closest to the customer location a the moment of the decison,
resricting this decison to vehicles in States 1and 3. Second, vehicles in State 2 are not
dlowed to change their just assgned passengers dynamicdly by a new gppearing
customer, even though this operation could eventudly make the whole system be better
off. Third, vehides in State 10 (dropping passengers) are not alowed to pick up a
customer until ddlivering al the cusomers on the vehicles.

The approximated TSP dgorithm tour coded for solving the passenger-drop
problem is the wel-known nearest-neighbor dgorithm (Rosenkrantz et al., 1977), which
turns out to be very efficient for solving problems of this Sze. Its efficiency is measured
in terms of computationd time involved and the optimdlity of the resulting TSP tour.

In addition, certain demand-control is atempted as wel. This refers to the
assumption that we will have a certan average number of passengers a each pick-up. A
probability of having more than one person waiting to be picked-up a any origin is
assumed (say P=1/3). Additiondly, among dl the pooling origins, an additiona discrete
probability of having one or two additiona people waiting there is consdered (say 0.5
for each case). This is a relaively controllable demand pattern, as fare incentives can be
used to encourage passengers to “pool” together at stops.

Finaly, under the assumptions above, three hours of smulaion were run. The
key point to be andyzed from the results of the smulation is the trade off between cost
effectiveness of the demand-responsve system (directly depending on the average load
of the vehices) and the leve of sarvice offered (measured through passenger waiting

and travel times).

72



3.3.2.2 Pick up decision: simplified cost functions and routing
algorithms

The decison taken by dther a manager or the vehicle driver in order to assgn a specific
customer to a pecific trandt vehicle is doubtlesdy, one of the mog difficult decisons
to be modded and smulated efficiently. A large number of heuristic agorithms based
on different gpproaches have been deveoped in the literature to ded with this problem.
However, none of them have been desgned to take efficient pickup decisons for a
dynamic system like HCPPT.

In Chapters 4 and 5, more complete and complex agorithms and drategies are
formulaied to solve this assgnment decison efficiently. These drategies include issues
like dynamic update of stochastic control variables, new routing schemes and so on. For
this feeshility sudy only certan smplified sysem cogt function expressons dong with
some preliminary pick-up strategies are used. Note that these pick-up dgorithms have
been developed independently of the TSP dgorithms implemented for ddivering
passenger's. A much more efficient combined drategy (Smultaneous pick-up and
ddivery) isdso implemented in Chapter 4.

Fird, notations are defined for use throughout the section. All the varigbles are
defined for a specific time indant t. Henceforth, index t will be omitted in order to
amplify the notation. This is jus a prdiminay notaion useful for this example. In
Chapter 4 amore rigorous notationa scheme will be outlined.

Generd notation:

i) An arbitrary clugter zone is associated to hubi T H
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if) An arbitrary customer (or cal) Z, , has the following characteristics:
origin _call, coordinates = (xq, yo,) = ao,
destination__call coordinates = (xd, , yd,) = ad,
Hubs associated to Z, :
> HZO,
» HZD, whee HZO, * HZD, (no internd deiveries are consdered
in this experiment)
PS, number of cusomerswaiting a ao, (“pool size’)
i) An abitrary vehiclej hasthe following festures.
Position coordinates: v, = (Xv;,yv,)
L, loadinvehiclej in (pax/venicle)

Vehicle capacity = L, , (L,- £ LMAX)

HO.

J

origin (home) hub vehide|

HD. = dedination (vist) hub vehicle]

i
iv) Additiond performance measure:

E[tPHome(i)] : Expected pick up time per pax at home (Hub i)
V) Trave time expressons a any timet:

tS(a,b) : loca network travel time between pointsaand b

tT(a,b): trunk network travel time between pointsaand b

where! ts(a, b) :% and {T(a, b):M
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Ds(a,b), D, (a,b) are defined as the loca network distance and the trunk network

distance between points a and b respectively, and they are cdculated as follows:.

Dy D) =dlfix, - )7+ 0o v )+l - wl - wl) @D

Dy (a,b) =4/(X, - %,)* +(¥s - ¥b)? (3.2)

whered is an arbitrary parameter (we use 0.5 in our experiments) and s; and s;

represent the average speed on loca and trunk networks respectively.

The pick-up rules developed here will be gpplied to vehicles in States 1, 2and 3.
Bascdly, when a cdl is generated, it enters a queue of waiting cusomers within a
specific hub zone. Among dl the avalable vehicdles | in the zone, the one with minimum
cost C; isassgned to pick up customer z, . C; iscaculated as follows:

)Ds(vj ,a0,)

c =L, +Ps (3.3)

SG
The previous expresson is a Smple representation of the user cogt function, in which the
travel time spent in picking up Z, is weighted by the number of people aready on the
vehicle plus one. This additiond unit represents the extra waiting time of cusomer Z, if

assigned to vehide j.  Different weghts for travel and waiting times could be

incorporated in future experiments along with an operator cost component.
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From the prdiminary experiments, it was found that most of the trandfers
occurred a the origin hub (vehicle State 3), because the vehicles picked up severd
passengers having ther dedtination different from that of the vehide This operation
generaes inefficiency since the vehicle can not access the trunk network at the optima
point. Also, the waiting time at each hub incresses because customers have a smdler
chance of taking the right vehicle In order to solve this difficulty, we incorporate a

pendty vaue q defined asfollows:

iq if HD; * HZD,

i .
70 otherwise

The pendty g is measured in time units Findly, a new expresson for caculaing Cj is
generated. Andyticaly:

Dsvi.a0) o (34)

c =, +ps) -
G

Furthermore, if we wanted to expand the avalable vehicle set, we should analyze
vehides in State 2 beddes those in States 1 and 3. In that case, we are changing
dynamicdly a previous pick-up decison, and therefore we should consider not only the
cost associated to the L, + PS customers involved, but aso the extra cost associated to
the customer previoudy assigned to the route of vehicle j, n;. Thus if vehide | is in

Sate 2, expresson (3.4) turnsto
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Ds(v;.a9) . PS,, (

CJ' :(Li +PSI) Ds(Vj!aO|)+

(35)
+ Dg(aog ,nj)— Ds(vj ,nj))+ PSnj E[tPHome(HOj)]+q

The second term in equation (3.5) represents the additiond cost incurred in not
picking up the customer n; by vehide j. In the smulations, we used =15 minutes,
which gppeared to provide the best routings among severd vaues tried in priminary
experiments.

All pick-up rules described in expressons (34) and (35 ae vey
dgraightftorward and work reasonably well in terms of sysem performance and
productivity levels, dthough there are too many factors not being consdered here. It is
easy to see that the system performance would improve considerably if we incorporated
some more sophisticated rules to account for fundamental issues such as the dynamic
nature of the sysem. Since cdls are generated dynamicdly and the pick-up and ddivery
decisons ae taken in red time based on sysem information a the decison time,
decison rules are developed that depend on the expected number of future insertions
into pre-established vehicle routes. Note that passenger assgnments could change over
time because of changes in system conditions. Thus, a new set of agorithms needs to be
developed, conddering stochadtic travel times to be expected for future assgnments.
These travel times can be cdibrated online based on historical information regarding the
performance of the sysem, just as in adaptive predictive control sysems.  This
cgpability of fine-tuning the sysem is what essentidly brings out the optima naure of
the solutions. In this process, we essentidly accomplish a notion of optimdity in a

problem tha in a pure optimization formulation as a sochestic pick-up-and-ddivery
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problem has prohibitive computationa requirements (as the red examples will include
hundreds of vehicles and passenger cdls and pick-up points). The routings are sill based
on optima insations and TSP caculations, but within a decomposed solution space
thanks to the cdl-dructure of the design. However, red-time vaues updated for travel
times and expected number of pick-ups, would yield results concelvably better than from
solving approximated versons of classcad pick-up-and-ddivery problems.  We must
adso mention that we have indeed generated classicad optimization formulations which
do not redy on such designed decompositions, but we cannot even consider providing
comparative solutions, as we are unable to solve them due to the number of vehicles and
demand points. A key issue in the dynamic problem is the finding of transfer points.
When multiple vehidle tours are conddered in the time-space, infinite possbilities exist
for tranders, and solving for optima (one-transfer) solutions adds a further dimension to
an dready nearly-intractable problem. This underscores the need for system designs that

a0 hep in finding dynamic solutions efficiently.

3.3.2.3 Casestudy results

The system performance measures discussed by Black (1995) are adopted in order to
andyze the sydem dedgn efficiency and peformance under different Smulation

conditions and different demand leves as wdl. Let us firs define the level-of-service

index &t hub level f, asfollows

_ Average passenger wating time at pick - up location
Average door - to - door ride time

f.

(3.6)
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where the denominator ride time is caculated as the average door-to-door ride time from
hub i to dl the adjacent hub destinations. We aso introduce another performance index,

theridetimeindex r defined a sysem level. Thet is

Average vehide ride time
Average door - to - door ride time

37

The door-to-door ride time is the time of travd when no other passenger is
picked up. We obtained an average door-to-door ride time (average weighted by the
number of ingances per origin-destination pair) equas to 31.76 minutes, in a separae
caculation

Elaborate research is needed to find “optimal” operational schemes. The intent in
this feasibility study is only to show a reasonable operationd scheme and to show that
even such a sysem can have good performance. However, it was atempted to find
routing procedures that yield reduced ride and waiting times.

It is beneficid to baance the vehicles spatid didribution among the different
portions of the trip & any time. Specificdly, it seems that excessive ride times are due to
the ineffident assgnment of vehide in States 1, 2 and 3 when the number of available
vehicles to pick-up a passenger is too low. So, if the number of available vehicles is less
than one-third of the totd vehicles assgned to a cluster zone (say 14 vehides), it was
decided not to assgn a vehicle unless the cost involved in picking up the customer
waiting for service is less than an arbitrary value Cuax. Four vaues for Cyax were tested,

in time units 10, 15, 20 and 25 minutes. Test with Ccyax =¥, which means no cost
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redtriction, yielded the seam results in dl cases as Cyax = 25. This is because the Cyax
rule never goplied in the network contexts due to the pickup cost being under 25 minuts.
The fina results are reported in Table 3.1 and Figure 3.4.

Table 31 shows the peformance datistics for different routing petterns
(resulting from various Cyax vaues). Ride times are found to be as low as 34.43
minutes, resulting in a ride time index of 1.08. This index shows the rate between door-
to-door service ride time and the resulting ride time provided by our sysem. So, r =
1.08 means that the ride time provided is 8% more than that provided by a compstitive
door-to-door service. For example, under the lowest demand leve reported in Table 3.1,
for a 10 minutes door-to-door trip, our service could offer the same service in about 11
minutes. On the other hand, for higher demand levels, r does not exceed 1.57, which is
in any case, better than the vaues reported in previous DRT experiments.

Waiting times up to 10 or 20 minutes at pick-up (for lower demand rates), and
around 30 minutes for higher demand levels, are very reasonable for this sysem. It is
comparable to taxi services, and is better than in the dial-a-ride services of the past and
possbly no worse than the wak and wait time in fixed route trandt services as wdl. In
addition, waiting time can be rescheduled to other activities if the pick-up is a home.
f (level of service index) vaues represent the importance of the waiting time a home
compared with the ride time itsdf. Previous DRT systems have shown vaues p to even
2 or 3 (i.e, wating times were two to three times travel times) were unacceptable,
however we found vaues as low as 0.26 and no greater than 1.05 in the worst case.
f =0.26 means that for a 20 minute trip, the user must wait around 5 minutes until

savice. Also waiting times a hubs are low enough (no more than 11 minutes in the
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worse case). However, there is a tradeoff between these two indices, reflected through
the adopted routing strategy. Figure 3.3 shows in detail the tradeoffs between the two
indices for different routing petterns (resulting from various Cyax vaues). Note the
opposte tendency between indices. Also, we can appreciate that vehicle productivity
increases with r and decreases with f |, as expected. In other words, if we decide to
impose a drategy in order to improve ride times (lowering the ride time index), it could
result in worse productivity levels.

With regard to the productivity measure (average load in passengersivehicle), the
results could be better if it were not for the load difference between the reroutable and
the non-reroutable portions (3.81 and 0.69 in the most extreme case). For details, see
Table 3.2 with disaggregated information for a demand leve of 5 pax/sq. mile, and Cyax
= 20 minutes Note that there is a consderable imbaance between the loads in the
reroutable and non-reroutable portions of the system.

For the particular case reported in Table 3.2, we can see that on a Pentium 11 the
routing takes virtudly no time a dl, modly due to the few ddivery points and with
picking up being handled usng heurigtics, which is easy under high coverage. Also the
amdl vehicle sizes cause not more than 5 or 6 ddivery points, thus an approximate TSP
can be used. Note that computation time was just 0.0108 seconds per TSP function cdl.
Computation time for routing was consdered a problem in the past DRT system but this

isnot aconcern in the newly proposed system.
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3.3 Final remarks

The man god of this chapter was to present a new design concept for implementable
demand-respongve  trandt systems, which rey on red-time communication and
computing technologies, and advanced routing adgorithms for efficient operation. A
goatid sygtem was smulaed under cetain conditions and amplified routing agorithms
0 far. In spite of that, results show consderable improvements respect to previous DRT
system implementations, specialy conddering the level-of-service and ride-time indices,
between 0.26 to 105 and 1.08 to 157 respectively, compared for example with levels of
services between 2.00 to 3.00 reported in the past. However, it may be noted that the
new system is not directly comparable to older DRT systems and that the results could be
different depending on the network and demand contexts. Furthermore, the need for
more depots, etc., should be studied in eaborate detail before cost comparisons can be
made.

On the other hand, the vehicle productivity reflected by average passenger load is
till low, but reasonable even for the smulated cases, consdered a case worse than the
better designs mentioned in the proposed scheme. Average passenger loads between 2
and 3 makes it much better than the 1 to 1.5 reported for earlier demand-responsive
sygems. This number can be improved subgtantidly by usng information technology,
and dso by implementing adgorithms based on probabilistic sysem conditions in order
to anticipate demand patterns, thus avoiding worthless portions of the practicdly empty

trips.
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Coordination between hub locations and use of information on wating
passengers efc., can be used for much more efficient routing schemes than attempted
here. The fact that the results are ill very good shows the promise of the new concept.

Average wating times ae vey reasonable especidly a hub terminds
Additiondly, the order of magnitude of 10 to 20 minutes of waiting time & home is very
good consdering the location of this activity (the customer can do a different activity at
home while waiting for the vehicle). Additiondly, the average waiting times a hub are
aso reasonable. The ride times are good enough if we take into account the high demand
level smulated consdering a persondized trangt sysem like this At this point, we
should emphasze that this is our fird feeshility experiment, with severd strong
assumptions and smple agorithms to be improved in future smulations.

Findly, let us highlight an important point, taking into account that in both cases
the computationd efforts (in cdling the routing dgorithms used) ae not an issue
anymore, even conddering a high demand levels and big fleet szes. Twenty years ago,
because of the modest computer capabilities available then, researchers redized that
manud dispatching performed better than computer dispatching. Now, we can edtimate
inggnificant computer times running the dgorithms, alowing managers to take routing
decisons amogt in red-time.

The didtributed nature of our approach appears to be what gives us benefits on
the routing side, athough we know that there are better routing schemes that could be
devdoped for further efficiency and optimdity, especidly when red-time operaions

with overlgpping operationa zones are considered.
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The pilot study certainly indicates that this system have a reasonable chance to be
successful if proper fleet operations schemes are developed. This gives vdidity to the
concepts, and detalled amulations will give much more conclusve evidence if such a
sysem is worth testing on the fidd. In the next chepter a detailed set of routing and

scheduling rules are formulated in the context of the above-described HCPPT scheme.
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(Each Cyax shows a different routing pattern)
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Table3.1 Performance measuresfor various demand levels (Cyax= 10, 25, 20, 25 result in various routing patterns)

Demand (pax/sg. mile-hr) 2 3

Cuax parameter (min) 10 15 20 25 10 15 20 25
Average veh. cycle time (min) 4242 | 4311 | 4332| 4293 51.66| 53.63 56.74 | 60.72
Average load (pax/veh.) 137 143 155 1.78 1.88 1.96 2.16 2.62
Per centage of free vehicles (%) 0.60 0.00 0.00 4.76 0.00 0.00 0.00 1.79
Average perc. without pax (%) 40.78 | 4054 | 4073 | 4821 3213| 3113 30.05| 3149
Average pax ride time (min) 3443 | 3561 | 3747 | 48091 3822| 39.10 4050 | 49.23
Ridetimeindex 1.08 112 1.18 154 120 123 1.28 1.55
Average wait time home (min) 13.76 | 11.70 9.85 831 2229 18.08 1468 | 14.09
Average wait time hub (min) 8.04 227 3.01 246 391 5.80 7.00 8.78
L evel of serviceindex 043 0.37 0.31 0.26 0.70 0.57 0.46 0.44

Demand (pax/sq. mile-hr) 4 5

Cuax parameter (min) 10 15 20 25 10 15 20 25
Average veh. cycle time (min) 6226 6350| 6560| 56.87 65.78| 69.81 7297 | 7582
Average load (pax/veh.) 234 240 258 2.68 249 2.66 2.83 3.00
Per centage of free vehicles (%) 0.00 0.00 0.00 0.60 0.00 0.00 0.00 0.00
Aver age perc. without pax (%) 2640 | 2527 2462| 3448 2354 23.09 2150 | 2146
Average pax ride time (min) 4171 4281| 4394 | 50.29 4240 4442 4532 | 49.95
Ridetimeindex 131 1.35 1.38 1.58 134 140 1.43 157
Average wait time home (min) 27120 2449 | 2447 | 18.08 32.86| 3107 2961 | 27.73
Average wait time hub (min) 7.12 839 | 11.05 7.29 862| 10.72 1084 | 1037
L evel of serviceindex 0.85 0.77 0.68 0.57 1.03 0.98 0.94 0.87

86



Table3.2

Details of smulation (5 pax/sq. mile-hr.) Cyax = 20 minutes

Average Average HUB
HUB travel time |load 1 2 3 4
(min) (pax/iveh.) |% time without pax (%) 2041 [22.04 [25.38 18.17
ongoing r 28.82 2.52 % time no scheduled (%) 0.38 0.44 0.53 0.40
nr 8.75 2.93 Aver. Wait time home (min) [35.99 |28.04 |23.22 31.79
1 return nr 8.41 1.90 Aver. Wait time hub (min) ]16.03 |5.90 4.38 17.05
r 32.20 3.57 Level of service index 1.11 0.89 0.74 0.99
total 78.18 2.93 1 2 3 4
ongoing r 33.10 3.02 Level of service matrix I 45.06 |43.69 47.48
nr 8.84 3.81 ride time (min/pax) 2 48.30 |- |- 46.91
2 return nr 8.37 1.11 3 4410 |- |- 45.85
r 20.84 2.91 4 46.33 |42.76 141.87 |-
total 71.16 2.86
ongoing r 31.49 2.62 Average ride time 45.32 (min)
nr 8.75 3.81 Ride time index 1.43
3 return nr 8.34 0.69 Average load 2.83 (pax/veh)
r 15.84 2.93 Percentage of free vehicles 0.000 (%)
total 64.41 2.61
ongoing r 28.82 2.54 HUB
nr 8.79 3.11 1 2 3 4
4 return nr 8.53 1.84 Demand (pax/UT) i 123 107 84
r 31.99 3.37 2 167 |- |- 153
total 78.12 2.87 3 143 |- | 149
Traveling salesman problem approximated Algorithm 4 91 135 108 |-
(two or more pax delivery)
Function called 252 (times) 1 2 3 4
Total resource time 2.73 (secs) Perc. Last hub (%) 1 | 61.79 [62.62 48.81
Average resource time function 0.0108 (secs) 2 5449 |- |- 59.48
Average number of pax dropped [5.643 (pax/TSP) 3 65.73 |- |- 61.07
4 6154 [63.70 |[65.74 |-
One pax delivery 21 (times) Average perc.last hub (%) 60.50

r: reroutable portion of thetrip

nr: non-reroutable portion of the trip
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4 HEURISTIC RULESFOR ROUTING-SCHEDULING HCPPT:

THE DYNAMIC CASE

4.1 Generalities

All pick-up rules described in Chapter 3 for the feasibility sudy are very sraightforward
and work reasondbly wel in teems of sysem performance and productivity levels,
athough there are many factors not conddered in that example. It is easy to see that the
sysem peformance should improve consderably if some more sophidicated rules are
incorporated to account for fundamenta issues such as conddering the interaction
among system entities at different dates, combining pick-up and delivery operaions in
the same locd optimization decison, improving the insation dgorithm and cost
formulation, induding termind management for reducing the TSP tour lengths and most
importantly being aware of the dynamic nature of the sysem when taking scheduling-
routing decisons.

The inherent design of the HCPPT scheme dlows the moddler to decompose
the lage-scde sysem into smdler pieces, and to formulate local optimization sub-
problems that are gpparently mutudly independent of each other. The routings are dill
based on optimd insartion agorithms and TSP cdculations, but within a decomposed
solution space thanks to the cell-gtructure of the design.

In a traditional optimization scheme, the formulation itsdf would become
ampler than the sophisticated routing-scheduling rules developed in this chapter (for

exanple, see the PDPTW formulation in Chapter 2), however, the find globd
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optimization procedure would become unfeasble and ultimatdy unable to handle such a
big sysem (in terms of vehicles as well as passengers) when decisons have to be taken
in red time. Moreover, traditiond routing vehicle problems are very redrictive in terms
of sysem design. In fact, it is hard to imagine a drict nontlinear optimization problem
formulation and solution of a HCPPT kind of scheme. In other words, decomposing the
HCPPT problem gives a notion of optimdity that is computationdly prohibitive in a
pure optimizetion formulation as a dochastic pick-up-and-delivery problem. Classcd
optimization formulaions, as those showed in Chepter 2 which do not rdy on such
desgned decompostions were explored, but it was impossble even to consder
providing comparative solutions, as they were unable to be solved due to the number of
vehicles and demand points.

Moreover, in that solution process, it seems illogicd to peform loca
optimization without conddering the interactive effects a least in the vicinity of the
candidate solution. Along with the notion of locd optimdity, there are some globd
consderations to be taken into account. This fact judtifies the complexity of the routing
and scheduling rules devel oped here.

Besdes, dnce cdls are generated dynamicdly and decisons are taken in red
time based on system peformance, the aforementioned routing rules will aso depend on
the expected number of future insertions into pre-established vehicle routes. Note that
passenger assgnments could change over time because of changes in sysem conditions.
Thus, the proposed agorithms consider stochagtic travel times to be expected for future
assgnments. These travel times can be cdibrated online based on higorica information

about the performance of the system, just as in adgptive-predictive control systems (see
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Chapter 5 for details). This cgpability of fine-tuning the system is what essentidly
brings out the optima naiure of the solutions. Red-time values updated for trave times
and expected number of pick-ups, woud yied results conceivably better than from
solving gpproximated versions of classica pick-up-and-ddivery problems.

The new heurisics are based on the following criterion: when the dispaiching
program receives a new pick-up reques, it evauates the additional cost over the known
sysdem (including operators and passengers) resulting from the insertion of such a
customer into the expected route of dl candidate vehicles. Then, the requested service is
assigned to that vehide with the minimum incrementa cost.  The important issue here is
to have correct expressons for such generdized costs. Such a pick-up decison could
eventudly impact the datus of the system a a hub area levd, since the chosen vehicle
could be a good candidate to serve other pending pick-up requests assgned to different
vehicles a a lower codt. If so, those vehicles could potentidly change therr schedules
and routes too, resulting in a series of vehide route adjusments until no further
improvements occur. Such heurigtics are proposed in this chapter to reasonably adjust
vehicle schedules and routes in order to ded with this dynamic locad imbaance, without
adding excessve complexity to the formulations.

Let us illudrate these new gochadtic concepts with a smple example. Suppose
that two vehicles (say, vehides | and k) are available to pick-up new requests within

cetan hub region, and they currently have a pre-established sequence of stops,
including scheduled pick-ups and deliveries (so far, z, for pick-up mand d! regarding

the nth delivery associated to vehicle ) as shown in Figure 4.1.
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Figure4.1 Initial schedulesof vehiclesjand k

A more precise notation for pick-ups, ddiveries and vehicle schedules will be needed in
the development of more complex formulaions. All these details will be introduced in
Section 4.2.

Note that vehicle k has to access the trunk network at the hub postion since the

dedination hub of its scheduled pick-up z, is different from its own hub. At time t
(when vehicles are in positions v, and v, ) a new pick-up request z, is introduced in the
system. There are two options for the manager to schedule that request: whether into the
route of vehicle j or into the route of vehicle k. Suppose that in both cases, the best
option is to insert the new request immediately. That means, before ddivering passenger
d/ in case of vehide j, and before picking-up group of passengers z, wating a their

origin in case of vehide k. A drict cogt function formulation should incorporate al these
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effects when computing the additional cost incurred in meking such an insertion. The

two candidate insartions are shown in Figure 4.2.

Note that after inserting z, into vehide j’s route, it has to stop at the origin hub
before continuing until its associsted dedtingtion hub, snce cusomer z, is travding
towards a different dedtination. Therefore, the manager must decide which insertion
results in a lower cogt to the sysem over the base stuation in Figure 4.1. For this
particular case, the decision will be based on

IC,(z,)=Cl,(z)- CO,

(4.1)
IC,(2,) = Cl,(2,)- CO,

Figure4.2  Candidate insertionsinto the schedule of vehiclesj and k

where Cl, (z,) represent the cost incurred by vehicle j on al its scheduled passengers (on
board and waiting to be served) in case of insating the new customer into its origind

route. CO,on the other hand, represents the cost on the system if vehicle j continues to

follow its origind schedule. For this particular case, expresson (4.1) is cdculated by
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summing the incrementa cost between stops over the entire sequence. The manager will

assign cusomer z, to tha vehicle with a lower IC . Suppose that IC,(z) < IC, (7).

Thus, customer z, will be inserted into vehicle j's route. After taking thet decision, the

sysem needs to be adjusted since vehicle j could now eventudly serve a customer
dready scheduled to another vehicle's route (say, route k), if that decison represented a
potentid improvement. Besides, the cogt criterion remains the same, with the difference
that in this case it will be necessry to compute the incremental cost of adding one
customer to one vehicle's route, and compare tha increment in cost with the decrease in

cost due to excluding that customer from hisher origind scheduled route. In the

example, if customer z, were assgned to vehicle j, this vehicle could aso pick-up
customer z, origindly assgned to vehide k. In fact, if the incrementa cost of inserting
z, to vehide j route 1C,(z,) is smaler than the benefit of excluding that cusomer from

K's route IB (z,), the manager could teke the decison of adjusting both vehicle

schedules. The possible impact of such a modification is illudrated in Figure 4.3. The
diagram on the left shows the origind assgnment while the one on the right shows the

impact on the system after this adjustment.
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Figure4.3  Route adjustment impact

Given the dynamic nature of these decisons over time, it becomes evident that in
order to take redlistic pick-up decisons, we should accept that travel time varigbles in
the cost formulations are stochastic, and they will depend on the expected number of
insartions not scheduled when taking any pick-up decison. Let us illudrate this new
concept with an example:

Before insartion, vehide | had scheduled a sequence of stops {d; ,d 2, HD, bof
conditions had remaned invariant over time the travd time spent from the current
location and the firg deivery d would smply be the travel time between the two
physcd points, given the network traffic conditions a the time of that time. If vehicle |
were assigned to pick customer z,, the travel time between the same two points would
increase consderably (1 intermediate stop), and if the adjusment Stuation in Figure 4.3

occurred, it would increase even more (2 intermediate stops). This uncertainty in travel
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time due to extra dochadic inserttions over time is directly related to the cost
expressions, which depend explicitly on travel time, and therefore, is strongly related to
the decison rules.

Figure 4.4 shows the possble vaues that the travel time between vehicle j’s
current podtion and its firsg delivery, based only on the possble stuations described
above. The possble combinations can become increasingly complicated, depending on
the demand, the number of vehicles available, and o on.

For the ample case in Figure 4.4, the future vehicle assgnments are not known with
certainty, it could be assumed that there is a probability B that vehide | fulfills its firg
delivery assgnment without any reschedule (diagram A). If, on the other hand, vehicle |
is deviated to pick-up Z; (diagran B) with probability (1- F), there is dso a

probability that from there, vehicde j could pick-up an extra passengerz,, with

probability (1- P,), asin diagram C.
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Figure4.4  Stochadticity in travd time

Thus, under these smple conditions, if tSN(v, ,d)) is the base travel time between the
vehide podtion and its fird ddivery, the expected travd time for ariving a its firs

delivery will be

E[tSN(v,,d))] = BtSN(v,,d}) +(1- P)[tSN(v,,z,) +

(4.2
+(1- P){tN(z,, 2,) +tSN(z,.d)) | + P, tSN(z,.d))]
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The variables on the right hand sde are not rigoroudy defined yet and it will be done
later in this chapter. Expresson (4.2) is just to show that the uncertainty of trave time
coming from unexpected vehide reassgnments could be sgnificant and rdlevant when
computing pick-up insertion cost comparisons among severd dternatives. A practica
way of edimating these expected vaues and probabiliies become much more
complicated under more generad conditions. However, ignoring this stochadtic effect
could yied sub optima routing-scheduling decisons teken by the dispaiching module
module when running the system. In Chapter 5, a detailed theory is developed in order to
condgently cdibrate expressons such as (4.2) in red time using information obtained
from the sysem itsdf. The assumption behind the proposed gpproach is that the
expected travel time as in (4.2) depends upon both the base travel time and the expected
number of non-scheduled insertions, as a function of vehice and sysem conditions (in
this case, potentidly z, and z, with certain probability).

The man god of this chepter is to conggently formulate incrementad cost
expressons for vehicle routing and scheduling in red-time under the HCPPT scheme
operation. At this point, expected travel times from expected number of non-scheduled
insertions are assumed known and computable. In Chapter 5, a way of estimating these
expected travd times from system and vehicle conditions usng an adaptive-predictive
control approach is developed at length.

In addition, routing and scheduling rules are developed for both reroutable and
non-reroutable portion of vehicle routes according to the HCPPT scheme. Moreover,
some heurisics ae developed in order to optimize deployment and distribution of

vehicles a any time. Additiona queuing rules and termina operations are proposed for
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minimizing wating times a& hubs dong with dugering TSP ddivery tours. The
computer implementation and performance of insertion agorithms are dso described in
Sections 4.3.3, 44 and 4.5. A find discusson regarding the assumptions and conditions
for gpplying the HCPPT routing schemes on rea networks is conducted in Section 4.7.

In the next section, al generad terms and notetion to be used in the context of the

dissertation (and mainly in this chapter) are defined.

4.2 Basc definitions

Fra of dl, the mathematica notation that we will use throughout the entire chapter is
andyticdly defined. All the variddles will be formulated for a specific decison time t.

Henceforth; any index t will be omitted in order to smplify the notation:

Set of hubs or mgor interchange terminds H ={1.2,...,N,,} where N,, is the
number of cluster zones operated by the trangt system.

An arbitrary cluster or hub areai is defined by:

»  Corresponding mgor interchange termind, hub i1 H

= ah(i)= (x,(i),y,(i)): physcd location of centroid or termind i1 H & any time.

Set of hexagond cdls C={1,2,...,N.} where N. is the number of cels operated
by the trangt system.

An arbitrary cdll arean isdefined by:

»  Associated mgor interchange termind, hub ch(n)T H

= ac(n) = (x.(n), y, (n)): physcd location of cdl-centroid n1 C & any time.

At decison timet, the following State definitions are associated with vehiclej:
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Vv, = (Xv;,yv;): current vehicle position
HO,;7 H : Hub associated with the reroutable portion of the vehicle j route.

Heresfter, the home hub for vehicle”.

HD; 7 H: Hub associated with the non-reroutable (trunk) portion of the vehicle

j route, defined according the HCPPT system description, heresfter “vist hub of

vehide|”. Notethat dways HO, * HD;, " ]

CS,: sequence of stops scheduled for vehicle j from the current position v,
(position 0in CS, ) ill visit hub HD . In set notation CS, ={0,1.2,...,N, +3}

CS, defines the scheduled vehicle path into the hub zone, which can change over

time, according to the embedded dynamic rerouting and rescheduling schemes.

The cardindity of this set of stops isN; + 3. The number of stops regarding any
pick-up or delivery operation is N,. The remaning three elements in the

sequence account for the trangtion between reroutable and non-reroutable
portion of the route as will be discussed later in this chapter.

Correspondence  between stop sequence numeration and physical  position

(Cartesian coordinates) of any stop that belongsto CS;:
a,(8)=(x,(9)y,(9) sl CS
thus, a,(0) = (x,(0), ;) ° v; = (xv,,w,)
LP, (0): Number of passengers just picked up from area hub HO,; by vehide |

whenleaving v, .
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= LD, (0): Number of passengers to be dropped off a their degtination within area
huoHO, by vehide j when leaving v, where LD, (0) =LDI, (0) + LDE, (0), if
the ddlivery load is disaggregated into interna and externd ddliveries.
= L,(0): vehide] load, whenleaving v; in (pax/vehicle).
Therefore for a generic stop i
L, (i) =LP,(i)+ LD, (i) = LP, (i) + LDI , (i) + LDE (i)
= 7B, ={1, 2,...,L].(O)} . st of passengers on board when vehicle leaves postion

v, . This st can be it into:

ZBP, = {J, 2,...,LP, (O)} : subset of passengersjust picked up

ZBDJ.:{LPJ.(O)+J,...,L].(O)}: subset of passengers to be dropped off
(indluding both interna and externd trips)
= Vehide capacity = L,,,, , therefore aways (Lj £ LMAX)
Z,: random customer request. The group of customers Z,, is composed of PS
individud cusomers, having ther origin a ao, =(xo,yo ). In mahematica
notation, every savice requet (or group of customers) takes the form
z, ={1,2,...,PS}. Note that here the concept of transit pooling is being introduced
into the andyds. In addition, the individud customers in Z;, can be split into

internd and externd trips. The former customers are those who are traveling within
the same hub area, while the latter are those who travel towards an adjacent hub.
Andyticaly, two additiond subsets for internd and extend trips are defined

accounting for the aforementioned sub-sets.
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21, ={12,...,1S)}

ZE ={15 +1,...,PS}

where ZI, EZE, =Z,. IS and ES represent the cardindity of the internd  and

externa trip subsets respectively; therefore, IS +ES = PS . The dedtination will be

different depending on the individua cusomer. That is

ad, (n) =(xd, (n),yd,(n)) " nl Z .

Z,(n):nth passenger than belong to group 1.

Hubs associated with group of customersZ, :

= Originhub HZO,

» Dedination hub, which can be dffeent for any individud customer
HzD,(n) " nl ZE,. In case of internd trips, origin and degtination hubs are
both the same.

= Detdtinationcdl CzZD, (n) " nl Z,.

ZA, (k) : vehide j's scheduled pick-up requests a time after vehicle j leaves stop
k1 CS, . ZA(k) = : Uzrgz where each group of customers r has been scheduled
Tr b

to be served by vehicle j and when vehicle | is a stop k, they are waiting for the it to

pick them up at their pick-up spot. In case of assgnments occurring a a hub stop:

ZA, (K) - Lz, (n)y . The cardinality of ZA, (k) is NZA, (K) .
T ron p
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ZA (0) denotes the scheduled pick-up requests a time t, that is, a the current
decison time.

ZC: st of cusomersin the sysem e timet.

Correspondence passenger-cusomer. Let us define the following one-to-one

mapping between passengers on board and set of customersin the system:

mi z8.sz(mi 2.z zc) 2iMm=
I I() 114 |prj(m):n

Correspondence  sequence-cusomers. Let us define the following one-to-one

mapping between sequence eements and customers in the system:

ki cs, | A=
i2p (k)= n
For the k™ element of this sequence CS, , there exigt the following options:
If z,(k)>0p $Z, 1 ZA (0):z;(k) =
If (zp,(k)>0Uzp, (k)£ ZI,), then the k™ element in the sequence is an intema
delivery and corresponds to the n™ dement of Z,.

B if (zpj(k)>OUzpj(k)>ZI,), then the k™ dement in the sequence is an

externa delivery and corresponds to the n™" element of Z.
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Elsg ie zp,(k) =0, then the k™ element in the sequence is the stop for picking
up group Z, .
Else i.e. z;(k) =0, then the k™ element in the sequence is not a stop related to any
cusomer inZA (0). It corresponds to a delivery of an on-board passenger instead.
Andyticdly, zpj(k)T ZB, identifies such a correspondence.
Additiond performance measures:
. E[D(i)]: Expected number of passengersivehicle dropped at hub iT H
= E[P(i)]: Expected number of passengersivehicle picked up at hub i T H
= E[tDHub(i)] : Expected drop time per passenger athub iT H
= E[tPHub(i)] : Expected pick up time per passenger at hub il H
= E[tDHome(i)] : Expected drop time per passenger a home (Hub area il H)
=  E[tPHomgi)]: Expected pick up time per passenger at home (Hub area il H)
= E[WTHub(i)] : Expected waiting time per passenger at hubil H
= E[WTHome(i)] : Expected waiting time per passenger at home (Hub area il H)
Assumed operator cost OC in [US$/min].
In case of passenger cod, different weights were assumed for travel and waiting
times Andyticdly ATT and AWT will represent the vdue of travel and waiting
time respectively, perceved by any traveer, both in [US$/min]. Theoreticdly, it is
expected the vdue of time to change over time, due to the effect of customer

“impatience’. Some authors have treated these variables as continuous functions of

time, but in most cases they are assumed to reman constant, mainly because of
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damplicity. In the context of this andyss bothATT and AWT were discretized,
dlowing them to take two different values in order to capture the effect of customer

impatience.

In the next sections, it is assumed that those passengers who have traveled a longer
portion of their trip (those who come from a neighboring hub) perceive the vaue of
travel time & a different vdue (ATT, instead of ATT, for al other traveers). In
other words, it has been recognized that the vaue of time is redly a function of the
time itsdf, however, it wes decided to use a discrete formulation for the sske of
smplicity.

In addition a congant multiplicative weight ACT is defined for the cumulative travel

time of passengers on board in the cost function formulation.

In the next section, an incrementa cost function formulation is presented in order to
assign a vehicle to pick up a new pick-up service request, when the vehicle is moving
within the reroutable portion of its route. The methodology is based on sysem-wide cost
minimizaion criteria The objective is to compare dl feasble insertions of a gpecific
cusomer into the route schedules of al avalable vehicles In order to do that, an
objective function is desgned to evduate the incremental cost of each insertion into a
vehicle route based on current informaion dong with cetan sysem peformance
measures. After evauating this incrementa cogt function for every avalable vehicle, the

new group of cusomers is assgned to that vehide with the minimum incrementd cod.
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This cost incorporates both user and operator components combined into one generd

expression.

4.3 Scheduling-routing rules: vehicle assignment to serve a new pick-
up request

The objective of this section is to gpecify the routing rules for assgning a group of
customers sarvice request to be picked-up by a specific trangt vehicle. The decison is
taken in red time and the demand is assumed to be unknown in advance. The
assgnment problem is decomposed into pieces, and the find god of the assgnment will
be to optimdly bring the customers to the proper adjacent hub from where another
vehicde will take them to ther find dedination. In this section the formulation for
optimizing the assgnment of the firs leg of thar trip is deveoped, independently of the
second leg of ther trip from the transfer hub until their find dedtination according to the
operational scheme presented in Chapter 3. The second stage of the passenger trip
trestment will be discussed in Section 4.5.

Although the optimization is centered on pick-up decisions, passengers to be
delivered are conddered in the cost expressons when teking routing decisons. In
addition, internad ddiveries (with origin and dedination in the same hub ared) will be
included in the routing decison aswdll.

The section has been split into two pieces. In Section 4.3.1, the analyss of the
deterministic case is shown, detaining al basc cost components and showing fairness of
the assgnment decison, but assuming that the cost expressons will depend only on the

sysgem conditions (vehicle travd time, vehicle load and vehicle assgnments) tha ae
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known a decison time t (which is the time of the new cdl). In Section 4.3.2, the
incluson of sochadticity in trave time and vehicle load caculdions is added to the cost

functions according to the scheme discussed above in Section 4.1.

4.3.1 Deterministic case
Let us assume we know the traffic conditions in the physicd network a any time. Then,
it is possble to distinguish the locd network travel time between two points in the
surface area, tSN(a,b) from the trunk network travel time between two points aong
express corridors tTN(c,d). Points a,b,c,d ae completely identified by their Cartesan
coordinates on the 2-dimensiond plane.

At time t, an arbitrary vehicle | in the reroutable portion of its route is assgned to

follow a sequence of stops CS; from its current postion v;. At v; it will be assumed

that al vehicle conditions and features are known.

Figure45  Graphical representation of a vehicle sequence of stops

At this point, it is important to mention that all the variables to be defined and

analytically formulated hereafter will depend explicitly on a predefined sequence of

106



scheduled stops CS, , known at the current time t when vehicle j’s position is v, . Thus,

the vaidiles defining the daius and avalability of vehide j a a particular scheduled
stop k will be functions of the path followed by such a vehicle between its current

postion and k. In addition, the variables defined over a segment (k,k +1) will dso
depend on the predefined sequenceCs, .

As briefly mentioned in Section 4.2, the cardindity of the sequence CS; will be
N, +4 (fromOto N, +3), however, in some cases, either top N; +1 or N, +2 could

be skipped depending upon the next hub to be vidted by the vehicle while moving in its

reroutable portion of the route. In this notation, the last three stopsin CS; are dways

a,(N, +1) =h(HO,)
a,(N, +2) = Min {tSN(a, (N)).[xy) + tTN([x ., (N, +3)} 43)
a (N, +3 =h(HD))

If & time t there is a least one passenger on board whose dedtination is different from

that of venhicle j, vehicle j will be forced to stop & HO, in order to drop those passengers

dlowing another vehice to take them towards their find degtination. In that case,

stopN; +2 is skipped since vehide travels sraight from home to the visit-hub dong the
trunk dretch (HO,,HD;). Otherwise, that is, a time t al passengers on board are

traveling towards the same degtination as that of the vehicle, the vehicle doesn't stop at
its home hub and enters the trunk network a the optima point (loosdy cdled stop

N, +2) according to formula (4.3). Notice that a; (N, +2) is not a red stop. That point
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is more a reference point, but since the point depends on the location of the lagt

scheduled stop N, it becomes part of the sequence.

If the boarding and dighting times are added to the locd network travd time

expression, the vehicle j’s base travel time between any two stops of its sequence CS,

say between stops k and k+1, can be computed as follows

i tSN(a, (k),a; (k+1)) + E[tPHomgHO,)] if a,(k +1)is apick - up
tS (k,k+1) = %tSN(aj (k),a,(k+1)+ E[tDHomg(HO, )] if a,(k+1)isaddivery
I tSN(a, (k),a, (k +1) otherwise
(4.9

The previous expresson depends on the network travel time (assumed known a any
time), including the boarding or dighting time, according to the operaion required at
stop k+1. If stop k+1 is just a reference point (for example, a hub location), such
operation times are not consdered. Notice that expression (4.4) depends on the hub area
where the pick-up or ddivery operation is taking place. In case of hub stops, the
boarding and adighting times are treated separately, as shown ahead in this section.

In the incrementa cogt formulation, three different components are included. The
operator cost is assumed to depend only on the time the vehicle has been circulating,
while user cost can be split into two pieces - waiting and travel time components.

The god here is to formulae an incremental cost expression in order to compute

the additiond cost incurred by dl the passengers scheduled and being served by vehicle

], due to anew pick-up insertion of group Z, into the current vehiclej route.
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4.3.1.1 Total waiting time cost calculation

Fird, let us compute a generd expresson for the waiting time cos, associated with a
group of cusomers Z_ (could be the new request Z,, or any group of customers aready
assigned to the vehicle but not picked-up yet) when vehicle | travels from stop k to stop
k+1 of its sequence. The sarvice request time is tWO, . The concept of time windows is
incorporated here in order to teke care of the user “impatience’ generated by an
exaggerated waiting time a the pick-up location. In this formulation, the time window
condrant enters as a soft condraint, pendizing with respect to the amount of time by
which the pick-up of a customer can deviate from a desred pick-up interva. This is

shownin Figure 4.6.

% DT, X
tWO, two, +TA tWo, +TB,
| [ |
| ; 1
WS L WE,
( E
' ; ) AWT,PS,
P+R L, (3 i
; AWT,PS,
_

Figure4.6  Waiting time cost component (total for all passengerson board and
waiting at the stop)
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In other words, tWO, is the time & which group Z, darts waiting for sarvice. TA,,TB,
are defined respectively as lower and upper bounds of the desired pick-up interva
measured with respect to tWO, . For smplicity, only two different vaues of waiting time

perceived by the customer are conddered, depending on the intervad where the service
time fdls. In addition, if the vehicle arives early to pick-up these customers, say before
the lower bound limit, it is assumed that passengers will not be ready for being picked-

up, which will yidds a pendty cost depending on the current vehicle load as shown in
the figure. Thus during interva [tWO, + TA ,tWO, +TB,) AWT, will be the vaue of
waiting time experienced by group of cusomers Z , while during [tWO, +TB,,¥), a
grester vdue AWT, is assumed, both in [US$/min]. The upper bound of the interva
defines the point from which customers redly start getting impetient.

The purpose of this formulation is to compute the waiting time costCW(r),
experienced by a group of individudsZ, over the time intervad [t,t + Dt] . In this context,
that is to assume that vehicle j leaves stop k at t and arrives at next scheduled stop k+1 at

t+ Dt . Frg of dl, let us define two auxiliary variablesin order to Smplify the notation.

tWS, =t- tWo, (4.5)

tWE, =tWS, +Dt =t+Dt- tWo0, (4.6)

From Figure 4.6, five possble cases can be digtinguished depending on when both limits

tWS, and tWE, fdl dong the time dimendon. Notice adso that tWS <tWE, and

tWE, - tWS, =Dt . Anayticaly,
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Casel: (tWE, <TA )
CW(r) =[TA, - tWE, [{P;. +P, L;(z(n)}
Case2: (WS, <TA) U(TA £TWE, <TB,)
CW(r) =[tWE, - TA]PS AWT,
Case3: (tWS, <TA )U(tWE, 3 TB,)
CW(r) ={(TB, - TA)AWT, +[tWE, - TB,]AWT,}PS,

= [DT, AWT, + (tWE, - TB, ) AWT,] PS,

Case4: (TA £TWS, <TB,) U(TWE, <TB,)

CW(r) =[tWE, - tWS, ] PS, AWT, = Dt PS, AWT,
Case5: (TA £TWS, <TB,)U(TWE, 2 TB,)

CW(r) ={(TB, - TWS, )AWT, +[tWE, - TB JAWT,} PS,
Case 6: (TWS, 2 TB,)

CW(r) =[tWE, - tWS, ]PS, AWT, = Dt PS, AWT,

where P. andR, represent a fixed and varigble pendty for ariving early & the pick-up
point. Notice that in Case 1 the cost affects the vehicle and the passengers on board
when vehicle reaches stop associated to group r. L].(zf(r)) is the vehicle load after
leaving stop z}l(r). The superscript —1 denotes the inverse function of z, (3 defined in
Section 4.2. In addition, DT, =TB, - TA and PS denotes the number of passengers

comprising group Z, .
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Generdizing dl casesin one expression, we get:

CW(r) =j [0, TA +05, TB, + 0o tWS, +0 tWE, | (4.7)
where
Casel:j, =1
Ay =-0s =P +RE[L(z' ()]
QG =0 =0
Case2:j, =PS
Qe =-0u = AWT,
G, =0y =0
Cae3:j, =PS,
., = - AWT; g, = AWT, - AWT,; g, =0, g, = AWT,
Case4:j, =PS
Qs =0,Gg, =0,0 =- AWT; G, = AWT,
Case5:j, = PS,
A =0, G, = AWT, - AWT,;q =- AWT,; g, = AWT,
Case6:j, =PS,

Oar :O;qBr :0;0& =- AWT,; q, = AWT,
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4.3.1.2 Passenger group conditionsfor cost calculations

Recdling the origind problem of esimating the incrementa cogt of insating new group
of customers Z, into vehicle j's origind sequence CS,, let us first define some useful
conditions regarding al known users that are somewhat related to vehicle j a decison
time t, when vehide j reaches position v,. The subsequent cost caculations depend on

the passenger group conditions defined here. Each condition is represented by a (0,1)

variable according to the following expressons:

On-board passengers condition (CONDB; ): will be equd to one if and only if, dl

passengers on board with ther dedination a a neghboring hub, are traveling

towards the same hub as the vehicle svigt hub, that is

CONDB, =1 iff HZBD,(m)=HD, "mi ZBP,

] (4.8
CONDBJ. =0 othewise

New group of passengers condition (CONDN;, (1)): is defined in the same way as
condition (4.8), but referred to al new customers that belong to Z, with destination

a some neighboring hub (externd trips), anayticaly

CONDN, ()=1 iff HZD, (k)=HD, "ki ZE

. (4.9
CONDN; (1) =0 otherwise
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Assgned customers condition (CONDA,): follows the same definition, but now

referred to dl future pick-up requests scheduled to be served by vehiclej, thus,

CONDA, =1 iff HzD,(k)=HD, "ki z,"Z 1 ZA/(0)

, (4.20)
CONDA, =0 otherwise
Thefourth condition CONDC, isalogica combination of (4.8), (4.10) asfollows
CONDC,; = CONDB, xCONDA, (4.11)

Bascdly, if this condition were true and there were no further insartion, the vehicdle

should enter the trunk network and reach HD, directly, skipping the stop & HO, .

But, on the other hand, if the condition were fdse, independently of the insertion, the

vehicle should deviate towardsHO, beforereaching HD ;.

The fifth condition CONDC,(l) is dso a logicd combinaion of (4.9) and (4.11). It

can be interpreted in the same way as (4.11) but adding the new insertion group as

part of the assgned customers set. That is,

CONDC, (I) = CONDC, xCONDN | (1) (4.12)
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The sixth and last condition CONDH ; (I) is dso a logica @mbination of (4.9) and

(4.11), and shows the case in which the vehicle is deviated towards the stop a HO,

exclusvely dueto the new insartion. That is,

CONDH | (1) = CONDC, %1- CONDN (1)) (4.13)

4.3.1.3 Incremental cost
Once dl thee conditions have been defined, let us formulate the incremental cost
problem resulting from any feasble insertion of group Z, into vehide j route. Feasible

in two senses (1) the insartion has to observe the vehicle capacity condraint a any

segment dong the vehicle route and (2) the insertion has to be consstent with the

precedence condraint, i.e. al internd deiveries asocisted to group Z, have to be
inserted after the pick-up stop a ao,. These two feasihility conditions are easly checked

when running the proposed insartion agorithm (see Section 4.7.1), therefore, in the
formulation they will not explicitly appesr.
The concept of incrementa cost implies the definition of two possble scenarios.

The nor-insartion case, representing the case in which Z, is not inserted into vehidle j’s
route, and the insertion case, where Z, is scheduled to be inserted into vehicle j’s route.

The former is conditioned by the origind sequence CS; while the later is defined by a

new sequence CS, (1) ={0.1,...,N (1),...,N, () +3} .
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Notice that CS,(l)represents any feesible insation of Z, into the origind
sequence CS,. The objective of this section is to compute the incrementd cost

associated to such an arbitrary feasble insartion dternative with respect to the origind

cogt associated to the fixed sequence CS;. The agorithm of Section 4.7.1 is designed to

choose the best insartion sequence (the one resulting in the minimum incrementa cost)
among dl feasble insations for a fixed vehicde j. The digpaiching module then will
compare the best insertion option for dl avalable vehides within the hub region of the
origin request, assgning the sarvice to the vehicle with the minimum incrementd cog.
In order to make the comparison more efficient, the modeler could decide to redtrict the
insertion to a subset of vehicles instead, according to a proximity criterion.

To andyticaly express the cost function, its components need to be formulated

in order. The components consdered here are;
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Waiting time component

With regard to the waiting time component, let us define the clock time as the absolute
time a which vehide | reaches an arbitrary stop k. Andyticdly, summing the trave

times over the segments,

tCL, (k) =t + gtsj (r,r +1) (4.19)

r=0

where t is the decison time defined above. Clearly, the previous expresson can be
generdized to any stop belonging to any sequence. Thus for start and end times of
vehicle travel over the segment,

tWs, =tCL, (k) - tWo,

(4.15)
tWE, =tWS, +tS (k,k +1)

From (4.15) dl parameters in the cost function expresson can be determined from the

waiting time methodology summarized by expression (4.7).

Trave time component

With regard to the travel time component, the cogt function expresson comprises two
magor pieces. One part proportiona to the vehicle load at stop k, and other accounting
for the cumulative travel-time experienced by al passengers on board TR, (k) .

The vehicle load has been split into pick-up load, internd and externd deiveries

load. Andyticaly, the load related components could be easily computed as follows

117



k
o
LP, (k) =LP,(0)+ a ks, (NES,

k
LDl (k)= LDI,(0)- & {i- RS, (n)RD, )+ RS, (1) |szj(r)} (4.16)
r=1
k
LDE, (k) = LDE, (0)- § {ii- RO, (1)1 RS, ()}
r=1
where
RS, (K) _ 11 if thek™ stopinvehnide j sequence is a pick - up
i %O if the k™ stop of vehide | sequence is a ddivery
and
i1 if thek™ stopinvenide j sequenceis aninterna ddivery
RDj (k) =i

70 if the k" stop of vehide j sequence is an externa ddlivery

Additiondly, the assgnment passenger set ZA, (k) can be updated from the origind

assigned pick-up requests as follows

ZA, (K) = ZA (0)\[UZ, - $n £k st. z, (n) :r{;} 4.17)
I

In words, the assignment set of customers is shrunk every time a group of passengers is
supposed to be picked-up by the vehicle according to sequence CS; (1) .

With regad to the component associged with the cumulaive travel time
experienced by dl passengers onboard vehicle j TR;(k), it turns out to be very
graghtforward from a conceptua <standpoint. In fact, this variadble only includes the

cumulative trave-time of the passengers on this specific vehide (bascdly, while they

have been traveling on the last reroutable leg of their trip).
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It was decided to incorporate this variable into the optimization procedure as a
way to interndize the non-linear effects of travel time codt, and to rdax the assumption
of having a congant parameter for the vaue of travel time in the formulaion. Moreover,
this piece should somehow weigh the impatience of passengers in the vehicle as the trip
get longer.

The andyticd expresson for TR, (k)is quite complex. The detals of its

computation can be found in Appendix to Chapter 4.

| nsertion scenario

With regard to the insertion scenario cog, it must be noticed that the generd expression
will be assodaed to the insertion sequence CS,(1)={0,1...,N, (1),...,N, (1) +3} .
Remember that this sequence represents just one possible feasible insertion of group Z,
into the origina vehide sequence CS;. Andyticaly, the cost associated to candidate

insertion sequence CS; (1), can be computed by summing the costs on the sequence

segments and adding the cost of the last segment to reach a hub. This computation yields

Ni(1)
C,()= & C,(r-1r)+CR, (4.18)

r=1

where the cost associated with segment (k,k +1) with k+1£ N, (I), is computed as

follows
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C, (k.k+1) =tS (k.k +1oc +{LP (k) +LDI (k) JATT, + LDE, (k) ATT,] +
+TR (KACT + & j [da Ty +0 TB, +05 WS, +0, tWE, ]

z1 ZA; (k)

(4.19)

Expresson (4.19) includes both user and operator cost. The former consders those
passengers known in the system at time t and somehow related to vehicle | hypothetica
schedule CS;(I). The last summation computes the waiting time cost experienced by dl
scheduled pick-up groups Hill waiting & their origin location when vehicle j leaves stop
k, according to expression (4.7).

The remaining pat of the cost CR; of expresson (4.19) accounts for the

trangtion between the reroutable and the nonrreroutable portions of the vehicle route,
and requires a careful look. Let us focus on the ultimate god of this section, which is to
edimate the additiond cost of inserting a group of customers into a predefined vehicle
route. Therefore, the firs congderation to take into account is to compare different
sequences (insertion versus non-insertion cases) reaching the same dedtination hub point.
A second consideration to be taken into account is the fact that ultimately the insertion
has to be assgned to the vehicle experiencing the minimum cost due to such an
insation. Thus the cost comparison is made across vehicles Teking that fact into

account, the remaning cost term has to messure the additiond cost of teking dl
cugomers in ZE, towards their find destination hub, in order to meke this comparison
consistent.

Let us first define the individud access cost AC, (i) as the cost of taking a sngle

passenger onboard vehicle | to hub termind i. Andyticaly,
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s

@ +TN(ah(HO,), ah(i))EA‘I‘I’l +

1

Ti

T -
AC,—(i):}+E[\NTHub(HOj)]XA\N'I'h 1% HD, (4.20)

|

r

zt{HT(HOJ-)+tTN(ah(HOj),ah(HDj)}ATrl otherwise

where AWT, is the assumed vaue of the waiting time when the customer is waiting & a

hub sation. In addition, HT (h) represents the average vehicle stop time a hub h, and it

could be computed as follows
HT (h) = Max{(E[D(h)] XE [tDHuUb(h)] + E[P(h)] xE [tPHub(h)]), ST} (4.21)

In (4.21), ST denotes the minimum vehicle stop time a a hub. Expresson (4.26) tekes
speciad care of dtuation where passengers have to trandfer a the origin hub (case when
it HD,;), adding the extra cogt incurred by the system in taking them to their find
destination on a different vehicle.

Thus, CR; is computed asfollows

AN PS
i C,(N,()N,()+D+ & AC,(HZD, (r)) if CONDC, =0
i r=l§+1
. Lj (N (1)+D)
CR =1 C (N ()N ()+D+ @& AC (HZBD (r))  if CONDH (I)=1 (4.22)
i C.(N ()N ()+3) otherwise
i
t
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The firg term of the fird and second expressions in (4.22) is computed as before in
equation (4.19), but excduding the wating time component. However, the third
expresson needs additional treatment since there is no physcad segment in the

reroutable portion from stop N (1) to stop N, (1) +3. Considering this fact, the second

expression becomes

C,(N;(1),N; (1) +3) =tC,(N, (1), N, () +3[0C + LP (N, (1)) ATT,] +
+TR (N, (1)) ACT

(4.23)

where

tC,(N, (1),N,(1)+3) =tS,(N, (1), N, (1) + 2) +tTN(a, (N, (1) +2),a, (N, (1) +3) (4.24)

TheN, (1) +2 stop denotes the vehice entrance point into the trunk line, from the
position of the last scheduled stop N, (l). This last travel time expresson is a

combination of travel time computation in both route portions. Notice findly tha the
only remaning pat of the vehicle load is the one tha is going towards a neighboring

hub (pick-up load).

Non-insertion scenario

The cost associated with the norrinsertion scenarioCO; is computed in the same way,

but referred to the origina scheduled vehicle sequence CS; . In short,
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N;
CO, =§ CO,(r - 1,r) +CRO, (4.25)

r=1

The remaining portion is much smpler in this case than equaion (4.22). As mentioned
above, this last expresson is needed when computing the incremental cost of insarting
group | in order to compare condstent scenarios (for both the insertion and no insertion

cases). Andyticdly,

_1CO,(N,,N, +) if CONDC, =0

CRO, = .
I TLCO,(N,,N, +3  othewise

(4.26)

By obsarving expressons (4.22) and (4.26), one can see that under each insertion
condition, the comparison between both scenarios is conssent. On the one hand, al
passengers on board a the decison time are taken to the same point in both cases. On

the other hand, in expression (4.22) the cost of taken each member of group Z, to ther

find destination hub is accounted.

For example, in the second case of expresson (4.22), origindly the vehicle is
scheduled to access the trunk network without stopping at its home hub. However, after
the insertion, the vehicle is required to $op first at its home hub before going towards its
vidgt hub, since there is a least one passenger that belongs to group | who has hisher
degtination within a different hub area. For that case, the summation of equation (4.22)

accounts for such an extra cost of taking everybody on the vehicle a home hub (stop
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N;(l) +1) towards ther find dedtination, some of them on the same vehicle, others

transferring another vehicle according to their travel requirements.

Analytical computation of the incremental cost

Findly, the incrementa cost expresson for such an insation can be computed by

Subtracting equation (4.25) from (4.18). That is

IC, (1) =C,()- CO, (4.27)

For a practicd application of incrementa cost based routing, it may be useful to add an

extra factor X, (I) as a cost based on passenger type component of the insertion cost.

Andyticaly,
1% if CONDH, (1) =1
x, (1) =1, dseif (1- CONDC, (1)) *CONDN,, (1) =1 (4.28)
to otherwise

This term is purely heuristic and is added in order to prevent transfers from happening at
the home hub, snce vehicles then tend to pick up passengers whose degtination is
different from that of the vehidle The operation is inefficient snce the vehicle cannot
access the trunk portion of its route a the optimal point. In addition, wating time a hub
increases because customers have a less chance of taking the right vehicle.

Thus, expression (4.27) becomes
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IC,(1)=C,(I)- CO, +x, () (4.29)

Notice that expresson (4.29) has to be evaduated for each vehicle and each feasble
insartion choosng the minimum incremental cos among dl feasble insations and
vehides. An efficient manner of finding the best feasble insation option for a specific
vehicleis shown in Section 4.7.1.

Conceptudly, the decison process can be seen as the process of comparing the
incremental cogt resulting from three different interrdlated sources. A segment based
cost and its components, then a totd sequence cost and finaly a component based on
passenger type, for each insertion decision.

In the next section, expresson (4.29) is generdized to the stochagtic case

introduced in Section 4.1.

4.3.2 Stochastic case

As introduced in Section 4.1, it has been clamed that the red travel time between two
scheduled stops of an arbitrary vehicle route should change because of possble future
pick-up insertions decided by the dispatching module dynamicdly over time. This
premise is very reasonable when assuming dynamic and stochastic demand.

The objective of this section is to generdize expresson (4.29) in order to capture
the sochadtic nature of vehicle travel time due to such unexpected rerouting and
rescheduling decisions teken dynamicdly. The idea is to formulate the incrementd cost

function in the most redigic manner, that is, fird compute the red cost over customers
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and operator because of such an extra travel time delay, and second properly define the
scenarios (insertion and non-insertion cases) and agents involved in the cost comparison

process.

4.3.2.1 Expected vehicle travel time components
Fird, a genera expresson is proposed for the expected travel time experienced by
vehide | for traveling from k to k+1, both belonging to a scheduled sequence CS;, asan

additive linear function of the determinidic trave time defined in equation (4.4) and the

expected number of insertionsinto the vehicle route as follows

E[tS, (k. k+D)] =tS, (k,k+1) + Y{E[I, (k. k +1)]} (4.30)
where

E[l,(kk+1] =E[PI, (k,k+1] +E[DI, (k,k +1] (4.31)

E[PI,(k,k+1)] and E[DI(k,k+1)] represent the expected number of pick-up and
non-scheduled ddivery insertions respectively. These are non-scheduled, i.e. they come
from the expected accumulated pick-up insertions unknown to the modeer a decison
time t. Moreover, Y is a codfficient to be cdibrated, representing the additiond time
caused by one extra insartion into the origind route. The additive form of (4.31) could
be modified depending on specid the conditions of each specific case. In some
scenarios, it could be more appropriate to define a multiplicative functiond form for

such an expression; however in principle an additive behavior seems reasonable.
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In Chepter 5, a complete methodology for estimating the expected number of
insartions is shown a length. In this section, it is assumed that the components in
expressions (4.30) and (4.31) are known and measurable.

Before computing the corresponding incremental cost expressions, the expected
vehide load is solit and andyticdly formulated, based on recursgve functions from the

current vehicle position where dl conditions are determinitic.

4.3.2.2 Expected vehicle load components

Based on the components of the vehicle load in expresson (4.16), let us compute the
different components of the expected vehicle load on the ssgment (k,k +1) recursvey
using the following formulas:

For k =1;

E[LP, ()] = LP,(0) + RS, (D ES, ,, +a,(0)
E[LDI, ()] = LDI,(0)- (- RS,@)RD, () + RS, D1S, 4, +b, (0.9 (4.32)
E[LDE, (1)] = LDE (0)- (1- RD, (0){1- RS, (1))

For k +1 given that conditions a k are known:

E[LP,(k+2] = LP, (k) + RS, (K + ES, .,y +a, (K k +1)
E[LDI, (k+D] =LDI (k) - {L- RS, (k +1))RD, (k+1) +RS, (K +1)1S, ., +

(4.33)
+b,(k,k +1)
E[LDE, (k+1)] = LDE, (k) - (1- RO, (k+1){L- RS, (k +1))
where
a, (k.k +1) = E[ES|E[PI  (k,k +1)] (4.34)

127



b, (k.k+1) = E[IS|E[PI, (k,k+1)] - E[DI (k,k +1)] (4.35)

and RS;(m), RD;(m) having been aready defined in Section 4.3.1. In equation (4.34) is
assumed for smplicity that the pool szes are uncorrdated to the number of pick-up
points, an assumption that can be relaxed later.

Each term in expressons (4.32) and (4.33) is redtricted to be non-negaive in
order to mantan physcd conggency. As andyticdly shown in the next chepter, the
expected load a any stop is bounded by zero from below and by the vehicle capacity

from above to maintain consstency aswell.

As defined in Section 4.2, pararnetersESZj(kﬂ)andISZj(kﬂ) denote the number of
extend and internd trips associated to group of customers z;(k +1) respectively,
obvioudy vaid only if z, (k +1) is a pick-up. In addition, expressions (4.32) and (4.33)
are aso functions of the expected number of externd and internd trips per pick-up stop
regpectively, E[ES], E[IS] . In redity, these terms should take discrete vaues, however,
in the current formulation it does not matter snce they are used only to compute
expected trave times, which are continuous.

Thus, the expected vehicle load a point k+1 can be cdculated by summing the

threetermsin expression (4.33), that is

E[L, (k+D] = E[LP, (k +D] + E[LDI, (k +1)] + LDE, (k+1) (4.36)
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Notice that LDE,(m) " mi CS,, is not an expected vaue because the externd

deliveries are dl wholly determined in advance a any stop. Equivdently, the expected

vehicle load can be defined recursvely asfollows

E[L, (k+2] = E[L; (k)] + RS; (k +DPS, ., - (1- RS, (k+1))+c, (k,k+2) (4.37)
where

c,(kk+D)=a, (kk+1)+b (kk+1) = E[PSE[PI, (k,k+1]- E[DI(k.k +1)] (4.38)

and E[PS] = E[IS] + E[ES].

The generd expresson for the expected load on any dretch in vehicle j’s route
computed in (4.37) can be easly decomposed in into two pieces. First, we can
diginguish a known portion, where dl its components can be caculated with certainty

just by knowing the conditions a the current vehiclé's postion v,. Second, we can

visudize the other part, which is unknown, and a function of uncertain system factors at
the current vehice podtion v;. Thus, equation (4.33) can be disaggregated and re-

written asfollows

E[LP, (k +1)] = LPK, (k+1 + LPU, (k+1) where
LPK, (k+1) = LPK, (k) + RS (k+D ES, ,,, ad LPU,(k+1) =LPU,(K)+a; (kk+J)
E[LDI  (k+1)] = LDIK, (k+1) +LDIU (k +1) where
LDIK  (k +1) = LDIK (k) - (L- RS (k+D))RD, (k+1)+ RS, (k+1)1S, ., ad
LDIU  (k+1) = LDIU (k) +b, (k,k+1)
E[LDE, (k + )] = LDEK, (k+1) = LDEK (k) - {L- RD, (k+D)(L- RS, (k+1))

(4.39)
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The firgt term of each expression in (4.39) represents the known part, while the last term

includes dl the assumed expected vaues. At location v;, dl the unknown expressions

are null, snce dl the sysem conditions are supposed to be known at that point. Findly,
with regard to the expected externd deliveries notice that there is no unknown
component associated with them, snce they are dl known in advance a any physicd

point. Notice that the known portion of the load components matches equation (4.16).

All previous recursve formulas are vdid for any stop k+1£ N,. The remaining

portion of the route needs a specid treatment as in Section 4.3.1. The detalls of the
expected load cdculations for stops associated with the trunk portion of the vehicle route

are presented in Appendix to Chapter 4.

4.3.2.3 Incremental cost formulation

Let us now write the incrementd cost formulation in the same way it was done in the
previous section, but adding the probabilistic component in both the expected trave time
and expected load caculations. The ncrementa cost can be split again into a known and
an unknown component.

The known part in both the insertion and non-insertion case (defined as CK (1)
and CKO,; respectively) considers user and operator cost. For the user portion, only

those passengers known in the sysem a time t and somehow related to vehicle |
schedule are considered. The operator component is trested in the same way as in
Section 431 The dgnificant difference of this case with respect to the previous
formulaion in the lagt section rdies on the travel time components, which in this case

are sochadtic even though the cost component is deterministic.
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The unknown part in both scenarios as above (defined as CU (1) and CUQ;in

the same way), accounts for the cost associated with those users not known at decison
time t, but expected to be assgned to vehicle j and hence involved in the system
optimization in a future time. Since, they are not known, there are some assumptions

made in the caculations of these components as shown next in this section.

I nsertion scenario

As in the determinigic case, the insertion scenario is related to a possble insertion

sequenceCS, (1) corresponding to a feasible insertion of group of customers Z, into the
origind vehicle sequence CS; . Andyticaly

C.()= g){CKj(r- 1r)+CU, (r - 1r)}+CR (4.40)

The cost associated with segment (k, k +1) with k +1£ N, (1), is computed as follows.

CK, (k,k+D =E[tS; (k,k+1)] [oc+{|_F>|<j (k) + LDIK , (k) }ATT, + LDE, (k) ATFZ] +
+TRK, (K)ACT +  Q j [04 T +05 TB, +QgtWS, +q,, tWE,]

z,1 zA| (k)
(4.41)
i c, (k,k +Dii
CU, (k,k+1) = E[tS, (k,k +1)]{ LPU; (K) + LDIU , (k) +—_gA'I‘I’1 +
t
+TRU | (k) ACT +CWU | (k,k +1)
(4.42)
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As defined in (4.38), c,(k,k+1)is the additiona load from the segment due to pick-up

and deivery insations within the segment. Hdf of this is assumed as the average
additiond load in the segment. Thus, the term indde the bracket parenthesis in (4.4.2)
represents the expected probabilistic load along segment (k,k +1) .

Notice that the operator cost only is included in expresson (4.41). With regard to
the waiting time components, in the specific case of equation (4.41) the only difference
with respect to the deterministic case is the estimation of the limits tWS , tWE, defined
here as a function of both the expected clock time a which vehide | reaches an arbitrary

stop k and the expected vehicle travel time (in equation (4.30)). Anayticaly

E[tCL, (K)] = t+ 51 E[tS, (r,r +1)] (4.43)

r=0

Thus,

tWs, = E[tCL, (K)] - tWO,

(4.44)
tWE, =tWS, +E[tS, (k,k +1)]

Regarding expresson (4.42), the unknown waiting time comporent CWU, (k,k+1) is

esimated assuming average vaues from the sysem. Anayticaly

i E[WTHome(HO,)]xE[PS *E[PI . (k, k +1)] xAWT, if E[WTHome(HO,)] <Dr
CWU;(k k+1)=| — ] Lt e
+{DT XAWT, +(E[WTHome(HO;)] - DT )} xE[PS]xE[PI; (k,k +1)] otherwise
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where DT is the average customer time window measured a the system. The other
vaiables in the previous cdculaion have been previoudy defined. Note that this
component starts becoming relevant when the observed customer waiting time becomes
bigger than the observed patience time (acceptance time window), and the importance of
this factor is assumed to be proportiond to the expected number of pick-up insertions on
the specific vehicle segment times the expected pick-up Sze, given the vehide and
system conditions.

The cumulative travel time of passengers on board TR, (k) has been split into a

known and an unknown component, smilar to dl other variables. The detalls of these

cdculations are found in Appendix to Chapter 4.
The remaining portion CR, associated to the trangtion to the trunk network is

computed as before. However, in this case it is advissble to split it into known and
unknown for a better understanding of the finad process. The known part is amog the

same as that of Section 4.3.1. In equations

N ps
: CK, (N;(1),N; () +D) + é_ AC, (HZD, (r)) if CONDC, =0
| r=15+
. Lj (N;(1)+1)
CRK'J. =: CK, (N;(1),N; () +1) + é AC,(HZBD(r)) elseif CONDH(I) =1
] r=1
i CK, (N, (1),N;()+3) otherwise
|
i
(4.45)

where AC, (i) is computed usng expresson (4.20). The unknown remaining portion on

the other hand is computed as follows
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] CU;(N;(D,N; (1) +1) if CONDC , =0
CRU' ={  CU,(N,(I)N,()+D+LU (N, () +1xACU () dse if CONDH (1) = 1(4:46)

Leu, (N;(),N; (1) +3)+ (- g =LU | (N (1) +1)xACU, (1) otherwise

where gis a factor that measures the probability that the vehicle is deviated towards its
home hub given that origindly it was scheduled to go draight towards the vist hub by
entering the trunk network at the optima entrance location. An iterative method is

needed in order to compute gas shown in Appendix to Chapter 4. LU, (k) denotes the

unknown part of the load a stop k and ACU, (1) is the individud access cost for an

unknown customer, which can be computed as follows

HT(HO,)
2

+({HT(HO,) + tTN(ah(HO,),ah(HD )} ATT,)PM, (HD )

ACUJ.(I)=§ +tTMHoj)[']ATr1+E[\/\rrHub(Hoj)]><Av\rrh (t- PM,(HD,))+ (4.47)
| a

where

PM, (HD,) = Prob(HZzD, (k) = HD,, " k1 ZE,) (4.48)

represents the probability that an externa trip dedination hub matches the vehicle
dedtination hub. In addition, tTA (i) is defined as the average travel time from hub i to

any of its neghboring hubs. Andyticaly
5°1H I,@,r)®TN(ah(i), ah(r))
tTA, (i) == . (4.49)
al.an

r=1

where
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N r)—\l'l if hub r can beaccessed from hubiandi® r
Y otherwise

In this case, unlike the determinigtic formulation, both expected travel time cdculations
require special treatment, whether the vehicle has to proceed towards the home or the
vigt hub. The firs and second expressons of (4.45) depend on E[tS(N;,N; +1)],

which could be computed directly using (4.30). However, in this case, the problem is not
0 smple There is an opeationd rule that could add an additiona source of
sochadticity, which is defined as the “defaut path rule’ (see Section 4.6.2.1 for details).
Roughly, if the vehicle is not assigned to serve a new pick-up request, the dispatching
module could eventudly ddlay the decison of sending it to the trunk network in view of
the current system conditions. In that case, the vehicle would be assigned to a “cell” or
“group of cdls’ needing vehicle supply, but ill within the reroutable portion. Each cell

would have attached a “default path” where the vehicle would move towards, before
accessng the trunk line. This extra delay in both E[tS(N;,N, +1)] and
E[tS (N;,N; +3)] should dso be trested as an extra unknown component. For
amplicity in this formulaion this extra factor is assumed not to be dgnificant. This
assumption can be relaxed later.

The third expresson of (4.45), on the other hand, is a function of
E[tS (N;,N, +3)], which dso is affected by the aforementioned rule. Moreover, there
is an additiona difference with the determinigic case. Here, even though the vehicle is
scheduled to proceed draight towards its vigt hub (without stopping a its home hub),
there is dill a probability that the vehicle may stop a its origin hub before going towards

itsvigit hub, according to its possible future assgnments.
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All the deals regading the andyticad tretment for computing both
E[tS (N;,N, +1] and E[tS (N, N, +3)] are presented in Appendix to Chapter 4.

Apat from the expected travel time cdculation, expressons (4.45) and (4.46)
can be computed directly by applying (4.41) and (4.42). Known deliveries and known
waiting time cost component are not pat of this last dretch cost as wel as the

formulation of Section 4.3.1.

Non-insertion scenario

As in the determinigtic case, the norrinsartion scenario can be expressed in a more
compact way than the insetion one paticulaly regarding the remaning cost
component. Analyticaly, the cost components described above can be computed as

follows. For the non-insartion case

N
co, =8 {cK,(r-1r)+Cu (r- 1r)}+CRo, (4.50)

r=1

In this case, the remaining portion is computed as follows

_1CK,(N,,N,+1)+CU,(N,,N,+) if CONDC, =0

CRO, = .
I TRCK,(N,,N,+3)+CU (N,,N, +3  otherwise

(4.51)

Analvytical computation of the incremental cost

The ultimate incrementa cost expresson becomes
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IC,(1)=C,(I)- CO, +x, () (4.52)

To be precise about the segment cost caculations, it should be noted that only costs for
potentia additiona pickups are consdered. It may be argued that there is indeed a cost
involved in not picking up a passenger. Technicdly this implies that for every vehide
segment under consideration, there are potentiad cogts from not picking up al other
passengers in the whole area (even outsde the region of influence of the segment).
Strictly gpesking, expresson (4.52) should dso include an extra term in order to
minimize the eror coming from the lack of information and knowledge about future
reessgnments. An analytical expresson for such a factor could become very complex

and based upon alot of assumptions. Therefore, so far it is consdered negligible.

The heurigtic termx; (1) is computed using (4.28) as before.

Remember that this expresson has to be evduated for each vehicle and each
feasble insation choosng the minimum incremental cos among dl fessble insertions
and vehicles.

In the next subsection, the agorithm utilized in order to chose the best feasble
insertion of group Z, according to the cost expressions discussed above is presented.
The heuridics is very smple and efficent. It is dso numeicdly shown tha the

agorithm performs well enough in most of cases.
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4.3.3 Insertion heuristics: description and performance of the
algorithm

The proposed insation dgorithm is a gmplified verson of a *“branch-and-bound”

process, and it is congtructed gtarting from the origina scheduled sequence of the studied

vehide. Thus, if the scheduled sequence of vehidle j is origindly CS;, the dgorithm

finds the best insertion of group of cusomers Z, into that sequence, based on the cost

criteriaasin (4.52).

The idea of the dgorithm is the following: fird, insert the origin pogtion of the
group in dl feasble places dong sequenceCS; and compute the incrementa cost of
such an insartion. Second, for each origin insertion postion (“branch”), find the best
possble feesble insertion of dl internd deiveries associated to Z, in dl feesble

postions succeeding the origin insertion (to observe precedence condition). These
insertions will not be taken into account (“bound’) in cases where the computed cost of
insarting just the origin spot results greater than the incremental cost of any previoudy
computed entire sequence. This last condition assumes that the insartion of any internd
delivery should somehow aways increase the overall sequence insertion cost.

After finding the best insertion sequence, a swapping improvement process is
implemented around the new insertions (of course observing precedence as well as

feashility conditions) in order to improve cases in which the new insertion could

eventudly favor a different order of two consecutive stops of the origind sequence CS; .
Andytically, let 1Co{? (1) be the incremental cost of inserting the origin spot of

group Z, dfter position s of seguence CS,. In addition, IC*™ (I)will denote the
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incrementd cost of the m™ feasible combination of internd deliveries associated to the
insrtion of the origin spot after podtion s. Both terms are computed using either
expression (4.29) or (4.52) depending the case.
Thus,
Sep0: Sets=1and L=%.
Sep 1: If s>N,, stop. Otherwise, insart origin spot of Z, a postion s.
Compute 1Co” (1) and go to Step 2.
Step 2 If s >1, computelCo” (1) and check if 1Co{” (1) > 1C"™ (1) for some
feedble combination of internd ddiveries m associated to origin insertion at
postion r," r:1...,s- 1. If 0, let s:=s+1 and go back to Step 1. Otherwise, go

to Sep 3.

Sep 3 Compute the cost of dl fessble combinations of internd ddiveries

ICE™ (1) . Find the minimum among them (say for m=m") and ompare it with

L.If ICE™ (1) < L, set L:=1C™)(1). Go back to Step 1.

After termination, the sequence associated to the minimum vaue L will be the
chosen sequence. A swapping improvement heurigtics is run over the best insertion

sequence previoudy found. The idea is to check for possble improvements (cost
reductions) due to potentid changes of the order of origind sequence CS,. The
procedure conssts in swapping stops belonging to CS; next to ay new insertion,

whether it is the origin of the cal or any of the internd deliveries associated, and accept

the swep if, first the swep is feasble and a0 if there is an improvement due to such a
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modification. The objective of this swapping procedure is to correct the congraint of
teking CS; as a base solution, and in some cases could congderably improve the

performance of the heurigtics. For clarity, congder the example in the following figure:

Figure4.7 Insertion hewisics example swapping improvement
procedure

In the example, suppose that the insertion of spot z is pat of the solution of the
dgorithm over sequence CS,, represented by consecutive stops 1,23 and 4. For

example, if the cost were directly proportional to the distance, it would be reasongble
from the figure to swap stops 2 and 3, resulting in the find sequence 0-1-z3-2-4, which

should be better than 0-1-z-2-3-4 from the origind dgorithm.
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The whole dgorithm, induding the swapping procedure performs very wdl. It is
ample and very efficient consdering the sze of the andyzed problems (about 8 to 10
points in the worst case). In addition, the agorithm compares costs computed based on
complete sequences, which is a relevat issue conddering the cost structure introduced
in Sections 4.3.1 and 4.3.2, in which the cost of succeeding stops depend upon the order
of the preceding ones. Findly, the dgorithm uses previous optimization solutions
embedded in the definition of the origina sequenceCS, , which is a helpful festure.

In the next table and figure, some interesting atistics are shown, comparing the
performance as wdl as the computation time of this dgorithm agang the optima

solution obtained from the complete enumeration of dterndtives. This is performed

overa thousand different insertion cases for arandom origind sequence pattern.

Table4.1 Insertion algorithm performance
Algorithm v/s benchmark comparison Value (%)
Total cases 1000 100
Perfect match 726 72.6
Average difference (w.r.t. not match cases) 0.04624 | 4.624
Average difference (w.r.t. total cases) 0.01267 | 1.267
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Figure4.8  Computational time comparison

Notice from Fgure 4.8 tha computationad time remains dmog invaiant regardiess of
the number of sequence points unlike the optima solution method in which
computationd time go rapidly to infinity. Moreover, note from Table 4.1 that the
percentage error in those cases in which the dgorithm did not match exactly the optima
solution was dways very low (about 4.624 % on average), showing that even though the
agorithm solution is not optimd in 27.4 % of the cases, it is dso very good and smilar
to the optima one.

In the next section an additiona improvement is discussed regarding the
rescheduling of vehicles in red time accounting for potentid benefits of reassgning
dready scheduled customers to different vehicles that have changed its route due to new
unexpected insertions. This additiond adjusment has not been implemented in the

context of this dissertation, however in the next section some conceptua issues as well
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as a dmple solution dgorithm are introduced and left for future improvements of this

methodology.

4.4  Scheduling-routing rules. adjustment of vehicle schedules

In Section 4.3, a method to assgn a new group of customers (previoudy defined as a
pick-up request) to be served by a specific vehicle, operating within the reroutable
portion of its route is mahematicaly formulated. Such a pick-up decison could
eventualy impact the current gatus of the system at a hub area levd, since the chosen
vehicle could be a good candidate to serve other pending pick-up requests assgned to
different vehicles a a lower cost. If s0, those vehicles could potentidly change thar
schedules as well as their routes, resulting in a series of vehicle route adjusments until
no further improvements occur.

In this section a method to adjust current vehicles routes and schedules is
described in order to ded with this loca imbaance, without adding excessve
complexity to the formulations The method is not numericdly implemented as pat of
this dissertation, because it does not seem to result in a very dgnificant impact on
numericd results in the context of the HCPPT scheme. In a future publication, it will be
improved, tested and implemented for cases in which the impact of rescheduling could
become relevant.

The idea behind these adjugments is the fallowing: if vehide j's route changes
due to a new insertion into its current route, it could be better (speaking in the economic
sense as described in previous sections) to assign some aready scheduled customers to

vehide j. If s0, and if we decide to modify some other vehicle k* j route, and
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resssign, say one customer previoudy scheduled to vehicle k, to vehicle j, both vehicle
j’s and vehicle k’s routes would change. The former because of the extra insertion, and
the latter due to the pick-up excduson from its origind schedule. At this point, drictly
speaking, possble improvements should be consdered, consdering a reschedule on
vehicdle k route as well, and s0 on. One nice feature of our system design is that we are
able to redtrict the analysis to the hub area associated to the reroutable portion of vehide
j’sroute only.

The incrementd cost over the sysem for switching insertions from one route to
another will be based on the same expressons formulated and computed in Section 4.3.
In theory, one should andyze dl possble improvements from any vehicle€'s route change
within the studied region, however from a practicd standpoint, the modifications should
be redricted only to the mgor detected improvements due to assignment's changes
(conddering a maximum of one insation change per vehicle's route). That should
cgpture mogt of the sgnificant improvements with respect to the previous reassignment
solution. Hence, a smple adjustment procedure is proposed for being implemented in a
further experiment, asfollows:

Condder the adjustments resulting from a change in vehicle j’'s route due to the

insertion of group of cdls Z, into its origind sequence of scheduled stops. Z, is now
part of the set of scheduled calls to be served by vehicle j, ZA (0). The origind route of

vehide j has been modified, so it could be a good dternative to serve an dready

scheduled set of customers at alower codt.
The hub region associated to vehide j is r =HO, , for some rT {1.,N,} . Let

us define the st of vehicles assgned to hub region r currently in the reroutable portion
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of their route as VR ={12,.,MR} . Notice tha this last st changes in red time

according to the operation of the vehicles,

Then, the adjustment procedure for vehiclej, should be asfollows:

Sep 0: Set m:= j, iter =1 and VR™ =VR .
Compute the adjustment extra cost of switching group of cusomers Z_ 1 ZA, (0) from

assigned vehicle k to vehicle . Andyticdly

AD,,(9)=1C,(8)- IB(9) " KT VR1)," Z,1 ZA(0) (4.53)

where
IC,\(8) = C, () - CO,, +X,,(9 (4.54)
IB,(s) =CO, - C&(S) - X, (S) (4.55)

Expresson (4.54) is just like (4.52), but referred to inserting group of customers Z.into
vehicles m route, origindly scheduled to vehicde k. Expresson (4.55) is dightly
different. Here, the idea is to compute the benefit of teking the group of customersZ_ out
from vehides k route. The firs term represents the cost incurred by the system in
following the current vehide k's sequence (including &l stops associated to Z_). The
second term on the other hand, which is distinguished by a superscript e, represents the
cod incurred by the sysem in following the optimal sequence after excluding Z from

the original one. The last two termsin (4.55) are then computed accordingly.
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Sep 1: Find the best swapping

If AD_(s)30 "kIVR™,"Z 1 ZA(0) b STOP (noimprovement is

ki m
possible from vehicle sm route)

Else, find I\(Iin{ AD,(s)}° AD_.(s)

Assign Z_. to vehidem and exclude it from original assigned vehidle k’
Set iter :=iter +1, VR =VR™*- {m} and m:=k’

Go back to Step 1.

Notice that the maximum number of iterations of this adjusment procedure will be equd
to the cardindity of the candidate vehicles VR , which is dways not sgnificant in terms
of computationa resources. In Chepter 8 (Further research and Conclusons) some
indghts are provided for possble numericd gpplications in order to quantify the red
impact of these proposed adjusments in the origind schedules under different routing
patterns, conddering the sgnificance of the improvements as wel as the disturbance on
the scheduled routes every time the procedure is caled.

Note dso that in a more refined scheme, the adjusment criterion can adso be
utilized to assgn a customer dready scheduled to a certain vehicle to a different vehicle,
which has just become free of dl future tasks within the reroutable portion of its route.
In that case, the manager has to check the economic benefit of assgning an additiona
pick-up request to it before it leaves the hub region moving towards the trunk network.

In the next section, a brief introduction to the initid TSP ddivery tour

congruction is presented and discussed for deciding the initial sequence of stops when
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vehicles pick-up passengers a hubs for ddivering. Since this is only an initid solution,
the TSP dgorithm will be based upon the determinigic travd time between sops
tS (k,k+1). This assumption mekes ddiveries undistinguisheble by the dispatching
module when taking the didribution decison. Snce the tour is built only for ddiveries,
neither precedence nor capacity condraints are required. The way in which deliveries are

grouped for a specific vehicleis discussed in section 4.6.1.1. further in this chapter.

4.5 Scheduling-routing rules: initial delivery tour construction

In this section, the origind delivery tour condruction is treated. Every time a vehicde j
arives to a hub and picks up passengers for being ddivered to their fina dedtination
within a hub region, the dispaiching module has to take a decison and construct a
sequence of stops CS; :{0,1,...,N].,Nj +1} . Pogtion zero represents the current

vehicle position (in al cases it should be a hub location), N, is the number of ddiveries

(bounded from above by the vehide capacity L,,,) ad a last postion N, +1 that

would be a desrable future location of the vehicle after finishing the distribution. So far,

the origin hub location HO,; seems to be a good option to finish the tour. In addition, the

tour is not closed, snce the origin and find postion of the vehicle will be in most cases
different. The travd time of a segment from any location to the initid vehicle postion is
assumed to be zero (in order not to close the tour).

Two very smple dgorithms were tested, the nearest neighbor and GRASP
(Rosenkrantz, 1977). After repeated experiments, it was found that the difference in

performance is not sgnificant for problems of such a andl sze (7 to 8 points a most).
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In order to check the quality of these dgorithms, the exact TSP dgorithm was coded
(based on enumeration of al the dternatives). From the comparison, it was checked that
both dgorithms reach the optima TSP solution in dmog every case, according to the
characteridtics of the customer didribution, the symmetry of the hub region and the
amount of point to be visited (7 to 8 paoints).

For the ske of amplicity, the nearest neighbor agorithm was chosen and
implemented as part of the find Smulationsin this dissertation.

Notice that, in this case, dnce travel times will be computed from a smulated
physica network (see Chepter 6 and 7 for detalls), in generd the segment travel times

are not symmetric (i.e, for a pair of stops k and |, tS; (k,I)* tS (I,k)); therefore, when

implementing the agorithm the order of the stops has to be conddered in the cogt
comparison. Regardless of such a detal, the dgorithm, in generd terms, performs very
well and runsvery fadt. It is aso very smple to code and implement.

In the next section, some additiond heuridic rules based the notion of optimdity
and common sense, are introduced in order to improve both the HCPPT sysem

operation and performance.

4.6 Heuristicsrulesfor improving system performance

The objective of this section is to show some additionad rules desgned to improve
sysem peformance - to digribute and bdance location of vehicles within its area of
influence according to the sysem requirements and manage terminal and generd

operations when vehicles are moving dong the nonreroutable portion of their routes. In
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Chapter 7 the impact of each of the proposed heurigtics in system performance is tested
and numerically quantified under different sysem designs and conditions.

Before presenting any rule, let us re-define the vehice date in a Smpler manner
that will be dso extended in Chapter 6 when explaining the find smulation issues. In
Chapter 3 (Section 3.3), ten different vehicle states were defined in order to split the
discrete event smulation into independent pieces. In what follows, only three vehicle

states are needed for modding the whole process. Thus,

Sate 1. Vehide is moving within the reroutable portion of its route, either assigned
to serve aseguence of stops or moving towards its default path. It also includes cases
where vehicles are moving back from its vidt hub and they are assgned to leave the
trunk corridor before getting to the home hub in order to dart distributing
passengers.

Sate 2. Vehide is dther moving towards the trunk network or it is on the trunk
corridor moving towards its vist hub.

State 3 Vehide is moving back from its vist hub dong the trunk corridor but it has
been assigned to stop at its home hub before dtarting dropping passengers at their

dedtinations.

Graphicaly, recdling Figure 3.1
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Figure4.9  Vehicleschedulerepresentation

The section has been divided into two subsections the former describing rules for
improving system operation a hub terminals and when vehides are moving through the
non-reroutable of ther routes, and the latter describing some additionad  heurigtics

asociated to the reroutable portion of vehicle routes complementing the cost expressions

shown in Sections 4.3-4.5.
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4.6.1 Non-reroutable portion of vehicle routes. heuristics for

improving performance

4.6.1.1 Queuing strategy at hub terminals

In the case of ddivery tours, grouping passengers & hubs on the basis of the proximity
of ther dedinations may improve the efficiency of the sygem. This implies forming
Separate groups of passengers destined to different subareas within the hub zone.

Heurigtics can be deveoped to form groups (loosdly called queues) and this is
expected to both minimize waiting time a the hub and reduce the length of initid TSP
vehicle tours. Therefore, the drategy will take into account two different factors for
giving pick-up priority to the passengers waiting a hub: passenger waiting time a hub
and dedtination closeness among members of each queue as well as with respect to
vehicle on-board passengers.

Queues conceptudly will be lines formed a each hub. Each hub i will have
N, (i) +1 groups of lines, with N, (i) defined as the number of accessble hubs from
hub i. Notice that passengers have not to be formed in line while waiting. The termind
operator just has to keep track of the minimum necessary information regarding each
passenger when he (she) arives a the hub. That is arivd time and degtination location
(for the heurigtic purposes, destination “cell” and “hub” will be enough).

Fird, let us show the drategy of forming these groups of queues while

passengers get to the hub. Let us define for any given hub i the following two sets:
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Qi) ={12,...,NQ(i)} (4.56)
Q(i,9) ={L2,...,NQ(i, )} (4.57)

where Q(i) denotes the group of queues of passengers formed at hub i with dedtination
indde hub area i. Q(i,s)on the other hand, denotes the group of queues of passengers
wating & hub i but with dedtination within hub aea s. NQ(i), NQ(i,s) denote the
number of linesthat belong to Q(i) and Q(i, S) respectively.

The r™ queue belonging to either Q(i)or Q(i,s)defined asq' (or g'* for the

|atter set) is composed by nq! (ng'®) sSingle passengers, that is

q, ={12....,nq.}

i | (4.58)
g ={12....,nq7}

where the m" dement of queue g (g'*) is whally identified trough a one-to-one

mapping queue-customer, Smilar to that defined in Section 4.2. Andyticaly

"mi q : zqri(m):l (4.59)
Tzgp;, (M) =n

“mi gt i Zq'is(m) = (4.60)
TZgp,°(m)=n

In words, the m™ member of the queue (either q or g°)isthe n customer associated to

request group Z,. Notice that at this stage of the trip, al members of group Z, will be
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digributed in different queues (and eventudly in different hubs), depending on ther
fina destination.

Let us describe the queue condgruction procedure based on a basic grouping
criterion: closeness of the member dedtination. In a formad optimization problem, most
probably a traditiond clustering agorithm could have been useful to group customers
according to their degtination location. In the context of the HCPPT, a smpler clugtering
dgorithm is developed, teking advantage of the hexagond tiling used as wel as the
symmetry form of each hub area Let us take a look to an arbitrary hub zone, composed

by saven hexagond cdlls numbered from 1 to 7 asin the next figure:

Figure4.10 Hub areadistribution of hexagonal cells

Obvioudy the centrd cdl (7) is adjacent to every other cdl within the area. All other
cdls are adjacent to three other cdls, including the centrd one. With a totd of seven
cdls, a most sx clusters of adjacent cells (in groups of three cdls) can be formed, say 1-

2-7,2-3-7,3-4-7,4-5-7,5-6-7 and 1-6-7.
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Therefore, sx will be the maximum number of dements of a specific queue if the
following condraint is imposed in the queue condruction: every cusomer in the queue
has to belong to a cdl adjacent to any other queue member’s cell.

Then, a very smple dgorithm is used in order to group customers such that the
previous condraint is fulfilled for any sngle queue. The dgorithm is cdled every time a

new customer arrives to a hub terminal, and is as follows:

Event: Customer Z,(n) arrives a stop hub i. If the customer destination ad, (n)T HA(i)
goto Step 1, dsego to Sep 2. HA() denotes the area associated to hub i.
Step 1 Find ¢! T Q(i)such that the destination cel of the new customer CZD, (n) is
adjacent to al other customers in that queue. If such a queue exists and ng! < L.,
add Z,(n)to g . Otherwise, add anew queuein Q(i) and put Z, (n) on it. Stop.
Sep 2: Let s be the dedtination hub of Z(n). Find ¢°T Q(i,s) such tha the
degtination cell of the new customerCZD, (n) is adjacent to al other customers in

that queue. If such a queue exits and ng,” <L, , &d Z (n)to q,°. Otherwise, add

anew queuein Q(i,s) and put Z, (n) onit. Stop.

This dgorithm ensures that each single queue contains only customers traveling to an
area comprised by a most three adjacent cdls. This didribution of customers is a nice
way to somehow reduce the length of the initid didribution tours. The additiond

condrant regarding the capacity of the vehicles is for practicad purposes since each
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vehicle can accommodate & most L,,,, passengers, therefore queues longer than L,y
are not redlly needed.

In what follows, the complete assgnment procedure is described, based upon the
described queue dructure. Let us concentrate on the following scheme, regarding al
passengers whose degtination is within HA(i) . By focusing on neighboring hubs i and s,
the analyss will be concentrated on those vehicles whose home hub is i and vidt hub is

s, In notation, vehide jT VO, means tha HO, =i, and smilaly vehide|jT VD,

means that HDj =s.

Figure4.11 Terminal passenger assgnment representation

Moreover, let us define the Sze of the assgned load at current vehicle ) postion as
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LA, =L,(0) + NZA (0) (4.61)

Notice that at this stage of the vehicletrip, dl variables are determinidtic.
The andyss will be performed for assgning passengers belonging to either Q(i)
or Q(s,i) gnce they are reroutable ingde HA(i) . All other par of neighboring hubs will
be treated in the same manner. Vehicle | for example, will have two potentid stopping

hubs HO, =i and HD, ='s, when moving on the way back from the trunk network to

its reroutable portion, after dropping al passengers on board picked up insgdeHA() and
going to anaeghboring hub area (externd trips).

Before showing the find vehide assgnment dgorithm, let us define two
fundamenta variables measuring the peformance of any queue assgnment according to

the criteria and the queue structures stated above, focusing only on Q(i) and Q(s,i) .

FHA/ (m): is a vaiable designed to measure the atractiveness of the assignment
of vehidle j to pick-up customers waiting a the m™ queue in set Q(si). In this case, the
postion of vehide j should effectivdly be & hub s. In addition, notice that depending on
the vehicle assgnment it could be possble to whether assign the whole queue to vehicle
j or just aportion of it.

FHAN/ (r): is a variable designed to messure the dtractiveness of the
assignment of vehidle j to pick-up customers waiting a the r'" queue in st Q(i) . In this
case, the pogtion of vehicle j could be anywhere on the way from hub s to hub i dong

the trunk corridor. The last comment for the previous variable regarding the capacity

congraint isvaid here too.
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The greater the performance measure (either FHA!(m) or FHAN/(r)), the
higher the priority given to candidete vehicle for picking up members of that queue.
Andytically, if L, - LA 3 ng;, (no capacity congraint, which means that the

whole queue can be accommodated into the vehicle) then
FHA!(m) =G, ADJF)(m)+G TH(qZ) " mi Q(s,i) (4.62)

Expresson (4.62) is a composte function, involving two different objectives (adjacency
level and waiting time) weighted by arbitrary parameters G,, G .
ADJF/(m) is the variable measuring the adjacency level between passengers

assigned (and on board) vehiclej and the members of queue g . In equations:

o

ADJF/(m)= & ¢ a {ADJ[CZD

wi qs‘n.] 8VT 7B (0)

(qursri (W), CZDzbj ) (prj (V))]} +

g5 (w)
(4.63)

+ A { ADJ [CZDZqi(W) (zap3 (w),CZD, (n)]}

Zi ()1 zA;(0) [}

where ADJ [cl,cz] measures an arbitrary level of adjacency between two cdls ¢, and
C,, according to the modder criteria. In the context of this dissertation, a Smple weight

isused for differentiating adjacent cells from non-adjacent ones. Thus,
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i2 if c, =c,
ADJ [cl,cz] = %1 dseif ¢ isadjacenttoc, andc,  c, (4.64)
1o otherwise

TH(Q2) on the other hand, represents the totd waiting time associated with queue g,

and is computed as follows

si
N9m

TH (q;:) - é DtVVhZQP%(T) (465)

< Z0m(r)
where DtWH" denotes the time that the n™ member of group of customers Z, has been

waiting a its transfer hub, i.e. DtWh" =t- tWhO}', where tWhQ;" represents the absolute

time the customer darts waiting a higher) trandfer hub. Notice that expresson (4.65)

can be generdized to any queue.

The second varidble FHAN/ (r)is defined smilaly. That is for the capacity

congtraint case ( Ly, - LA 2 ng;)

FHANij(r):GAADJFNij(r)+Gr{TH(q:)+nq‘r tTN(v].,ah(i))} "1 Q(i) (4.66)

The difference with expresson (4.62) is the assumed extra waiting time of al members

in the queue snce vehicle | could be currently traveling from its vidit hub to hub i . If the
vehide is a& hub i the contribution will be zero. ADJFN/(r) is computed accordingly.

Thatis
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) e )
ADJFN/(r) = 5‘@ & {aps [CZqu;(szqp:(w»,CZDzb,. o @0, ()]} +
wi qb &vi zB;(0)

(4.67)

_ 0
+ & {aps [CZDZqir oy (200 (W), CZD, (”)]}Z

Z|(n)i ZAl (0) g

A more complicated case is when the vehicle is not able to accommodate al members of

the queue. In such a case the idea is to accommodate those passengers that maximize the

appropriate performance measure. That is, for computing FHA!(m) in case of having

Lyax = LA < ng; , sort g8 in adescendent order according to the following criterion:

i e 2 si
wei(w), =G,6 & {ADa[czp,, . (zup? (w),CZD, (b, ()]} +
&= © (4.68)

. 0 d
+ A {ADJ [CZDqu-(W) (zgp; (W), CZD, (n)]}u+q DtWhZPim)

- 2 z65 (w)
Z| (n)l ZAJ (O)

From this operation, a new queue sructure ¢ :{3(1),...s(nqﬁ,i)} is generated. Then,

FHA/ (m) can be computed as follows

Lmax - LA,
[}

FHAL(m) = q wap (S(p)) ; (4.69)

p=L

The other vaiable FHAN/(r) can be edimaed in the same manner when

Luax = LA <ng’ . Andyticdly, sort g in a desoendent order according to the following

criterion:
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| é |
we (), =G & {ADalczp,, (! (w),CZD,, , (0, ()]} +
@i z8,(0)

+ & {malczo, (agp!(w).c0 (n)]}§+q{ot w00 4 (TN(v,,ah(0)

N 201 (w)
Z| (n)l ZAJ' (0)

(4.70)

Then, the sorted queue qi*:{s(l),...s(nqir)} is generated. Findly, FHAN/ (r)is

computed as follows

Lumg- LA]
FHAN! (r)= g wa, (s(p)), (4.71)

p=1

Reverting to the scheme in Fgure 4.11, there will be two magor events that will require
taking an assgnment passenger-vehicle decison. Thus every time a vehicle arives to
the vigt hub (or to the home hub but changing from State 3 to 1), it should be assgned
to pick-up potentia customers waiting there for didribution (event 1), and every time a
vehide in State 2 arrives to its home hub, it will leave passengers there to be picked-up
by another vehicle (event 2). Event 2 is important because sometimes a vehicle in Sate 1
returning from its vist hub, Hill in the nontreroutable portion of its route but ready to
sart distributing passengers, turns out to be the best option to pick-up the new set of
passengers dropped a its home hub. In such a case, the dispatching module could
eventudly take the decison of changing the dtate of that vehicle from 1 to 3, and force it
to stay on the trunk corridor till its home hub for picking up these passengers before

ether sart didributing or smply joining the surface network (see dgorithm 4.3 next).

160



In both events, the assgnment decison will be taken based upon the following

dgorithms:

Algorithm4.1:

Event 1, case 1: Vehicle | stops a its home hub i. In this case, only passengers from set
Q(i) can be loaded into the vehicle.
Iter :=0

While (LA, < Ly

{

Iter ==1Iter +1

Sep 1:FAnd r’ =arg Ma}>§ FHAN/ (r)

rl Q(i

Step 2: Load . (or the subset determined in (4.71)) to the vehicle

Step 3: Update Q(i) and LA, according to the previous load operation
}
Algorithm 4.2:

Event 1, case 2: \ehide j sops a its vist hub s. In this case, passengers from both sets
Q(i) and Q(s,1) can be loaded into (or assigned to) the vehicle.

Iter :=0
While(LAj < Lyax)
{

Iter =1Iter +1

Step 1: Compute r~ =arg I\/Iag FHAN/(r) and m" =arg mh/é?x) FHA/ (m)
rl Q(i S|

Step 2: Find u = arg Max{ FHAN/ ("), FHA} (m") }

(r,m)
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iq, ifu=r
Sep 3: De‘inqu].(Iter)=iq;'i Y r
70, oOtherwise

Step 4 Load (or assgn) QA (Iter) (or the subset determined in (4.69) or (4.71)

depending on the case) to the vehide
Sep 5 Update Q(i) (or Q(sii)) and LA, according to the previous load

operation.

Notice that updating a set such as Q(i) or Q(s,i) implies ddeting dl customers that are
ether assgned to or loaded into any vehicle.

Algorithm 4.2 is more generd than dgorithm 4.1 snce depending on the
conditions the dispatching module could eventualy decide to reserve space for a future
assgnment at the vehide home hub ingead of loading passengers directly a its visit hub
while the vehicle is stopped there. In addition, if that happens, the vehicle is forced to
sop at its home hub before starting distributing passengers (State 3).

Next, the other decison event is presented, when a vehicle delivers passengers a
its home hub location the digpatching module could decide to assgn them to be picked
up by a vehide returning from its vist hub, depending on the available vehicles moving

aong ther assigned trunk corridors.

Algorithm 4.3:
Event 2, case 1: Vehide k1 VD, ddliversits passengersat hubi.

Step O At event time, define VFA: as the st of dl vehides j1 VO, in ether Sate 3 or
State 1 (the last ones should 4ill be on the trunk corridor), satisfying
LA < Lyax -
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Sepl: Fnd r* = arg I\T/I(il?;{TH @ )}
Siep2: Asign q. tovehide j* = l\/lax{ FHAN/(r") + PSI(J)}
ii VFA

Sep3: Update vehidle j° assgnment and Q(i)
Sep4: If either Qi) ={f} or LA, =Ly " il VFA P Stop

Elssgotostep 1

Algorithm 4.3 complements the firs two ones. The control of this event is a manner of
deciding the exit location of vehicles from its nonreroutable portion when returning
from its vigt hub. In generd, as discussed in Chapter 3, given the operaing rules and the
embedded design of HCPPT, it seems convenient to make vehicles stop a both hubs
when returning from the vist hub due to the larger number of expected passengers
waiting at their home hubs for being ddivered within the same area. Note that this rule is
consgtent with the last heuristic term in expressions (4.29) and (4.52).

In addition, PS1(]) is a pendty associated to rerouting vehicles dready on State
1 (ready for darting delivery) to State 3, and it is assumed proportiond to the assumed

affected passengers on board as follows

1Qp, XL (0) if veh j in datus 1
i :
i 0 otherwise

PSI(j) (4.72)

where g, isan abitrary negative parameter.

The queuing drategy expounded in the current section is mogly heurigic and
depends on clustering concepts, teking advantage of the symmetric Sructure of the
cluger area and the naturd divison in cdls as pat of the origind desgn. The red

impact of gpplying such rules will be quantified as part of Chapter 7.
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In the next section, a very smple rule associated to the decison of holding

vehicles a hub stops when other vehicles are about to arrive is devel oped.

4.6.1.2 Holding vehicles at hub stops

This rule is very dmple. In some cases, it will be reasonable to hold vehicles a hub
sops, waiting for other vehicles that are coming to the same hub in order to transfer
passengers. This procedure in most cases should improve the productivity values as well

as reduce the passenger waiting times a hubs.
Let us consider a vehide j1 VO, and j1 VD,. The vehide is stopped a visit

hub s and the dispatiching module consders the posshility of holding the vehicle a the

gop for awhile, if the following conditions are al satisfied:

NQ() + NQ(s,i) < MINAQ
(1- Prh(s))MO,(s) + MD, (s) > MINVH

where MINAQ and MINVH are suitable fixed parameters. In addition,
Prh(s) : proportion of vehidestransferring & vist hub with home hub s.

MO, (s) : number of vehiclesthat belong to VO, in dtate p.

MD , (s) : number of vehidlesthat belong to VD, in dtate p.

On the other hand, if vehicle j is stopped a home hub i, the digpatching module could
decide to dop the vehicle there for certain time, deaying the passenger assgnment

decison, if dl the following conditions are satified:
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NQ(i) < MINAQ
MD, (i) > MINVH

LA, <MINAP

where MINAP is ds0 an arbitrary parameter decided by the modder. The holding rule is

purdly heurigtics and it has to be evduated via smulation as shown in Chapter 7.

4.6.2 Reroutable portion of vehicle routes. heuristics for improving

performance

4.6.2.1 Default vehiclerepositioning rule

As discused in 4.3, sometimes it is advissble to maintain a certain baance between
reroutable and non-reroutable vehicles a any time.

Roughly, if the vehicle is not assgned to serve any new pick-up request, the
digpatching module could eventudly deay the decison of sending it to the trunk
network in view of the current sysem conditions. The particular decison of whether to
send or not send a vehicle to the trunk network is discussed in Section 4.6.2.2. In this
section, it is assumed that the decison of keeping the vehicle within its reroutable
portion has been taken. The point here iswhere to send it.

The idea is to assign the vehicle to a “cdl” or “group of cdls’ with low tempora
vehicle supply, but sill within the reroutable portion. Each cdl would have attached a

“default path” where the vehicle would move towards, before accessing the trunk line.

165



As mentioned in Section 4.3, this extra delay in both E[tS(N,,N, +1)] and
E[tS (N;,N, +3)] isconsdered negligible so far.

At current time t we have to decide where to send vehicle j within hub area i. For

each cdl ¢ that belongs to hub areaii, the available cdll capacity is defined as follows:

CAPC(c,i) = § D,(c) SPK,(0,) (4.73)

ul Vo,
where

SPK, (01) = Lyay - (L, (0) +[LRES, (@)]") (4.74)

denotes the known available space on vehicle u on its current segment, as a function of
the vehicle load and the podtive pat of the reserved space for future scheduled
insertions (see andytica definition in Appendix to Chapter 4).

In addition,

il if vehide uiswithin cdl catthe current ti me
%O otherwise

D, (c) =
Therefore, if m,(c) represents the passenger demand per time unit within cel ¢

(messured from the sysem in red time), then let us define the indicator demand-

capacity for cdl ¢ that belongsto hub i, asfollows

N M) é pax g
ICD(C")_CAPC(c,i) Sseats- TU H (4-79)
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TU denotes time units. Findly, the rule is to send vehide j to cdl ¢ bdonging to hub i

such that ¢ = arg Max{ICD(c,i)} . This rule is based on a dustering concept but taking

ol Hub |
advantage of the symmetry of hub areas and on how hub areas have been sdlit into
homogeneoudy digtributed cedlls. The idea is to dynamicdly assgn vehicles to different
cdlls depending on the actud digtribution of demand and supply on time and space.

In the next subsection, an additiond rule is proposed for sending vehicles to the
trunk network after being on the default path, determined by expresson (4.75), for

catantime

4.6.2.2 Trangtion from reroutable to non-reroutable portion rule

As introduced above, the objective of this rule is to decide when to change vehicle state
from 1 to 2 according to the states defined above in Section 4.6. This rule will be applied
to dl vehices on ther reroutable portion, without further stop assgnments within the
service area

Let usfirst define the tempord load factor associated to hub i asfollows

DHD (i) +Ey, x & MO, (s)

LFH(i) = L0 (4.76)
L, *MONR()

whereNH (i) denotes the set of hub i neghboring hubs and E,,, is the expected number

of passengers per vehicles trandferring at any single hub.

In addition,
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DHD(i) = § NQ(s,i)+ NQ(i) (4.77)

d NH (i)

MONR() = MO, (i) + MO, (i) (4.79)

Expresson (4.77) accounts for the number of people waiting a awy hub for beng
digtributed within zone i. Expression (4.78) on the other hand, represents the number of
vehicles on the non-reroutable portion of their trip with origin a hub i. All these
variables are defined at timet and eventually can change over time.

The decison of sending a paticular vehicle | to its trunk line will be based

mainly on two varigbles: the hub load factor LFH(i) and the cumulative time associated

to externa trips on board TR].E (0). In this case, nternd trips are not consdered when
taken this decison because they have to be ddivered a therr find destinations before
joining the trunk corridor regardless of ther current dae. The drict definition of
TR (0) is provided in Appendix to Chapter 4.

In this section, two dternative rules are defined in order to decide whether
vehicde j change status and dtart moving towards the trunk corridor or vehicle j stays for
a while waliting for a new pick-up to come up (and it moves according to 4.6.2.1). The

two criteriaare asfollows:
Rule 1:

If TR (0) > TLIM : change vehicle state from 1 t0 2.
Otherwise check the following
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If LFH(i) > MINLF : change vehicle gatefrom 1 to 2.
Otherwise, send the vehicle to default path according to rule 4.6.2.1.

Rule 2:

If TR (0) > TLIM : change vehicle state from 1 t0 2.

Otherwise check the following
If L,(0) =0or VRR(i) > CVRR
If LFH(i) > MINLF : change vehicle satefrom 1to 2.
Otherwise, send the vehicle to default path according to rule 4.6.2.1.

In case of Rule 2, VRR(i) represents the rate between vehicles assigned to hub i within
the reroutable portion of thelr route in State 1, versus those in States 2 or 3, a any time
TLIM, MINLF and CVRR are modeing parameters. Note that the cumulative travel time
of people on board has higher priority than the load factor (vehicle digtribution) issue. In
addition, note that this rules are purey heurigic, and they are smply a more daborate
verson of the C,,,, rule of the feasibility study in Chapter 3.

Rule 2 is dricter than Rule 1. In case of Rule 2, the load factor condition is
checked only if temporarily vehicles in State 1 are too many compared to vehides in
other States (that is, when the rate between MO, (i) and (MO, (i) + MO, (i)) is grester
than certain threshold CVRR). Vehicles without passengers are checked anyway at this
point.

The manner in which this rule is coded in the smulaion scheme is explained in
Chapter 6. Once again, the performance of this distribution decison has to be evauated

viasmulaion as shown in Chapter 7.
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4.7 Real network HCPPT routing algorithms

The objective of this section is to briefly discuss some technologicd and practica issues
regarding the feashility of the implementation of a sysem such as HCPPT in the red

world. In fact, there are some important aspects to be mentioned in this respect:

As mentioned in Chapter 3, and conddering the necessty of information in red time
a any time for running al rules and processes discussed in this chepter, it is clear
that the implementation of such a sysem reies on the use of updated information
technology in order to feed dl processes and inputs needed by the routing and
scheduling dgorithms. Thus, red time informaion regarding vehicdle location
(AVL), current date and occupancy, cal atributes (group sSze, origin and
degtination accurate location, pick-up time request, etc.). In addition, a complex
logigic sysem is requires a termind level in order to properly manage and organize
the queuing structure described in Section 4.6.1.1.

In this sense, and thinking of implementing the HCPPT on the fidd, it is
important to mention that the required technology is avalable nowadays, and
currently is being tested in Corpus Chridti, Texas, where the Regiona Transportation
Authority has been exploring ways to use technology to provide more responsve and
efficient trangt systems. Autonomous Did-A-Ride (ADART) is a sysem currently
being implemented there, developed in patnership with the Volpe Center. This
system relies on a network of ornrboard computers that communicate with each other.

In fact, dl digpaiching, routing and scheduling decisors are made by these
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computers on board each vehicle. These on-board computers assign trips and plan
routes optimally among themsdves.

ADART technology encompasses a high levd of automation, consolidating
scheduling, fare collection, credit verification, and vehide routing into a sngle
automated system. There is no dispatcher, and the driver's only job is to obey
indructions from the vehicleés computer. Consequently, an ADART fleat covers a
large service areawithout any centraized supervison.

Unlike HCPPT, ADART has not been desgned for a large-scale operation;

however, the technology can be easily adapted to the HCPPT scheme.

Notice that al cost expresson, whether they are deterministic or stochastic, depend
upon network trave time information, which aso should be obtained somehow from
the read network sysgem. In addition, an efficient point-to-point shortest path
agorithm has to be implemented in order to compute segment costs as well as to
plan schedules in red time. In the amulation experiment (described in Chapter 6), a
point- to-point shortest path dgorithm is implemented based on microscopic
smulaed trave time data In the redity, sysem information can be obtained from
agency data, saf reported data, loop data, and aso from network datus information

collected by the trangt vehicles while traveling trough the network system.
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48 Final remarks

In this chapter, the centra objective is to review al the rules and consderations
regading vehide assgnment and scheduling decisons teken in red time by a
dispatching module, in the context of the HCPPT system introduced in Chapter 3.

In Chapter 6, the actud implementation of al the rules and agorithms into the
samulation scheme is explained and presented at length. Some of the criteria are based on
optimization fundaments while others are purdy heurigics and have to be evduated
through smulation.

Mogt of the aforementioned rules depend on arbitrary parameters that could be
cdibrated or guessed based upon theoretical fundaments or smply common sense and
intuition.

In other cases, some parameters have to be tested and andyzed via smulation.

This gpproach makes the system very flexible and controllable.

In the next chapter, an adaptive predictive control gpproach is developed in order
to edimate and cdibrate the expected number of insertions and expected vehicle travel
times for a generd pick-up and delivery problem scheme. This theory is needed in order

to properly evaduate dl rules previoudy described in Section 4.3.2.

172



5 ANALYTICAL MODELING OF STOCHASTIC REROUTING
DELAYS FOR DYNAMIC MULTI-VEHICLE PICK-UP AND

DELIVERY PROBLEMS.

5.1 Introduction

In the previous chapter, dl heuridic rules for scheduling-routing HCPPT were presented
from an andyticd standpoint. As shown there, the design of the system geared towards a
decomposed solution that achieve vehicle sdection and route planning in a manner that
ensures  efficency and quas-optimdity when applying sophidicated routing rules,
teemind  management heuwrigics and the appropriate operationd schemes. However,
there are some redrictions behind the desgn of HCPPT, which under certan
unfavorable conditions could yied sub-optima solutions.

All previous formulations incorporate both user (loosdly cdled customer of the
trangt sysem) and operaior cost components, implying an implicit trade-off between
two agent objectives that conflict to some extent. In Chapter 7, severd smulations will
be caried out, quantifying the peformance of the sysem under different weights for
both cost components. There is no andyticd way to measure the red impact on the
trangoortation system of implementing specific  policies obtained from  weighting
differently the cost function components. However, a detaled smulaion of the red-
world operation as in Chapter 7 will dlow the modder to study these different policies

from a quantitative measure of the performance of the smulated system.
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At this point, there is one assumption behind most of the scheduling-routing rules
described in Sections 4.3-4.6, which has not been cdarified yet. Bascdly, in the previous
formulation, a fundamentd premise is tha there exids an andyticd way to estimate the
expected traved time of, say vehicle j, between two scheduled stops, assuming that dl
conditions and dtributes of vehicle j are known by the digpaiching module before it
arives a the upstream stop position of such a segment. Since the analysis is based on
fulfilling the travdl necessties of unknown cusomers agopearing in red-time, it is
assumed that most of the predefined routes and schedules should dynamicdly change as
a new cdl enters the sysem (see the illudrative example of Section 4.1). Thus, one
important issue to be highlighted is that, when computing an andytica expresson for
any kind of decison cogt function (whether it affects the user or the operator), there is an
additional source of stochadticity on the calculation of the expected travel time between
two points on a trangportation network, gpart from the typical non-recurrent congestion
of treffic affecting dl vehide travd times, which is the “stochastic rerouting delay for
dynamic vehicle routing (SRDDVR)” .

In other words, for dl the dready-scheduled users, the expected travel (or
waiting) time that they will incur during their trip will be srongly affected by any future
reessgnment of the vehicle assigned to pick them up at their origin spot, or drop them a
their dedtination in case they are dready on the vehicle. The mgor idea is to introduce
such estimation into the routing rules dready described in Chepter 4 in order to
incorporate a more redigtic measure of travel (waiting) time experienced by the users as

well as the operator into the decison cost formulation, which eventudly could change
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some of the digpatching module decisons, resulting in better solutions closer to the
desired dynamic socid optima equilibrium.

As discused in Chapter 2, there are not many publications in the specidized
literature that solve “dynamic vehicle routing problens’, especidly in case of large-
scde sysems. In addition, none of them have consdered the stochadticity in trave time
from dynamic resssgnment as pat of the objective function formulation, consderably
limiting the chance of reaching agood and redistic solution.

The objective of this chapter is to introduce an approach designed to properly
edimate the expected travel time of a trangt vehicle to any of its scheduled stops under
dochastic demand, generated dynamicdly over time without any previous knowledge of
these new requests by the digpatching module a the time of the cdl. It is important to
point out that the generd methodology computed in the next three sections of this
chapter, generdly apply to dl dynamic red-time pick-up and ddivery problems (PD).
Therefore, firsd a generd framework will be developed (Sections 5.2-5.6), and next
(section 5.7) dl necessary extensions of the methodology and additional notation will be
presented. The focus in Section 5.7 is in the optimization schemes applied within the
“reroutable’ portion of HCPPT.

The methodology is based upon red-time update of probabilities, in order to
predict the expected vehicle's travel time between two dready scheduled stops. As will
be discussed in Sections 5.3-5.4, conceptudly this problem could be consdered as a
form of quads-optima adaptive predictive control. In the next section, notation
adjusments with respect to the origind definition section 4.2 are addressed. Next, in

Section 5.3 some of the basc eements of adaptive and predictive control theory are
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briefly discussed, then, the “stochastic rerouting delay for dynamic vehicle routing”
approach is formulated as an adaptive predictive control problem in Section 5.4, and in
Section 5.5, a methodology to solve the specific control problem in red time from a
branched process approach BPA) is proposed. In Section 5.6, the data collection as well
as modd calibration issues are addressed. Findly, in Section 5.7, some find remarks are
pointed out and al necessary extensons for modeling HCCPT under the same scheme

are described.

5.2 Notation adjustments

As pointed out above, the scheme presented in this chapter is in principle gpplicable to

any dynamic vehicle routing scheme however, the notation should be condgtent with

that of Chapter 4 for the andyss of HCPPT schemes. In fact, the notation specified in

Section 4.2 remains the same, observing some small exceptions:

1) Regading the definition of the vehicde's sequence of stops CS;, in this case the
sequence will be defined only for the “reroutable’ portion of vehicle's j route (there
is no other portion in the genera pick-up and ddivery formulation), discarding any
connection with the trunk network dated in the definition of the HCPPT system.
Andyticdly

= CS;: squence of stops scheduled for vehicle j from the current position v,

(postion O in CS;) till the last stop scheduled N;. In st notaion

cs, ={o12...,N } .
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= Correspondence between stop sequence numeration and physical  position

(Cartesian coordinates) of any stop that belongsto CS; :

a, (s):(xj (s).y, (s)) " sl CS,
thus, a,(0) = (x, (0), y,(9)° v, =(xv,,w,)

2) In the generd case, dnce there are no trandfers, there is no difference between
internal or externa ddiveries. In fact, al cusomers have to be ddivered to their fina
dedtinations by the same vehicle that picked them up from their origin ot
Bascdly, for an arbitrary group d customersZ,, PS =1S, andES =0, i.e dl trips
areinternd deliveries.

3) The notation associated to hub correspondence is removed. For example,
E[tPHomgi)] which represented the expected pick up time per passenger & home

(Hub areai1 H ), now issmply E[tPHomd .

5.3 Elements of adaptive predictive control theory

According to Sunan et.al (2001), predictive control, as the name implies, is a form of
control, which incorporates the prediction of a sysem behavior into its formulation. The
prediction serves to edimate the future values of a variable based on the available
sysem information. The more representative the information is of the sysem, the better
is the accuracy of the prediction. The estimate of the future system varigbles can then be
used in the desgn of control laws to achieve a good control performance, which is

usudly to drive or mantan the output to a dedred set-point. This class of control
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methods, which incorporates information and assumptions pertaining to the future vaues
of the system output, are generaly referred to as predictive control.

Predictive control is usudly congdered when a better performance than that
achievable by non-predictive control is required. This includes systems whose future
behavior can be quite different from that perceived of the present one, such as time-dday
systems, high-order systems and poorly damped and non-minimum phase systems.

An ealy predicted control method was suggested by Smith (1959). He
introduced the idea of using a predictor to overcome the problem encountered in
controlling a system with dead time.

There are many predictive controller formulations based on the same common
ideas, amongst which can be included: Identification and Command (IDCOM), Dynamic
Matrix Control (DMC), Mode Algorithmic Control (MAC), Interna Modd Control
(IMC), Predictor Based Sdf-Tuning Control, Extended Horizon Adaptive Control
(EHAC), Extended Predictive Sdf Adaptive Control (EPSAC), Generdized Predictive
Control (GPC), Multisep Multi-variable Adaptive Control (MUSMAR), Multipredictor
Receding Horizon Adaptive Control (MURHAC), Predictive Functiond Control (PFC),
Unified Predictive Control (UPC), Condrained Receding-horizon Predictive Control
(CRHPC), Stahilizing 1/0 Receding Horizon Control (SIORHC) (Soeterboek, 1992;
Betmead et.al, 1991; Camacho and Bordons, 1995; Richaet et al, 1978; Cutler and
Ramaker, 1980; Clarke et al, 1987a, 1987b).

All thexe methods have certain festures in common which diginguish them from
other design philosophies - the solution of optimization problem & each time ingant

implemented by using receding horizon concept, the incorporation of plant output
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predictions and the provison of a smdl number of desgn parameters connected to
various degrees with the closed loop dynamics (Betmeed et al, 1991).

With regard to the concept of adaptive control, as defined by Saridis (1977), an
adaptive control system must provide continuous information about the present dtate of
the plant that is to identify the process, it must compare present system performance to
the desired or optimum performance and make a decision to adapt the system so as to
tend toward optimum performance; and findly it mus initiste a proper modification so
as to drive the sysem towards the optimum. These three functions are inherent in an
adaptive system.

As Kanjilad (1995) points out, an adaptive control scheme can be broadly
consdered as a combination of an on-line estimation method for the process parameters,
and a controlled design procedure. There are two widdly used configurations on adaptive
controllers: (1) Sdf-organizing adaptive controllers recursvely identify the process, and
formulate the control drategy aming a optimd performance. (2) Model reference
adaptive controllers try to achieve a closed-loop system performance smilar to that of a
reference model by recursive adaptation of the controller parameters.

From the fuson of both schemes, the concept of Adaptive Predictive Control
methods (APC) has been introduced over the last decade. Basicdly, if a good modd is
avalable a priori to describe the dynamic relaionship between the system input and
outputs, it may be used as the predictive modd. However, in most cases it is difficult to
obtain precise information about the system a priori. Moreover, even if it were available,
the sysem may frequently vary its dynamics in its evolution over time. The purpose of

adding an adaptive component to the predictive control sysem is to achieve, in an
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uncertain and time-varying environment, the results that would otherwise be obtained by
the predictive control sysem only if the sysem dynamics were known (Sunan et al,

2001).

Many works on APC methods with guaranteed ability and with impressve
results obtained by usng robust control desgn gpproaches published in nineties
(Camacho and Bordons, 1995). Mogt predictive controllers presented in the literature are
adaptive predictive controllers (GPC, EHAC, EPSAC, MUSMAR, MURHAC, CRHPC,
SIORHC). GPC isthe most popular APC method (Clarke et al, 1987a and 1987b).

The number of publications on design and gpplications of Non-linear APC is
increased in nineties (Katende and Jutan, 1995). There are applications of APC used
neura nets and Fuzzy Logic (Camacho and Bordons, 1995). Methods of Mode
Predictive Control are widely usng in Busness and Economics (Hanke and Reitsch,
1995). Conventiond control is gpplicable only to wel-structured problems. For
problems which poorly understood and described only in naturd language terms fuzzy
logic can play a role ather by quantifying imprecise naurd language and/or by
converting human experience to systemdtic but fuzzy if-then rules (Ho, 1999).

Fird, let us present a very generd state space formulation of the modd predictive
control by borrowing some generd ideas from Morari (1994).

The generd dructure is presented in figure 5.1. A modder utilizes knowledge of
the process (plant) inputs u and measurements y to arrive at a date estimateX . Starting

from the current state estimatex, one can employ classic prediction agorithms to predict

the behavior of the process outputs over some output horizon H & when the manipulated

inputs u are changed over some input horizon H, (see Figure 5.2).
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Figure51  Overall block diagram of a predictive control system

The task of the predictive controller is to compute the present and future manipulated
vaiable moves u(s),...,u(s+H_.-1) such that the predicted outputs follow the
reference in a dedrable manner. The predictive controller takes into account congraints
on the inputs and outputs, which may be present.

Only u(s), the fird one of the sequence of optima control moves is
implemented on the red plant. At time s +1 another measurement y, (s+12) and another
date estimate X(s+1) are obtained, the horizons are shifted forward by one step, and
another optimization is carried out. The procedure results in a moving horizon or
receding horizon drategy. A key feature of the technique is that the input and output
horizons (H, andH ) are generdly finite. The problem definition as presented alows
one to treat with equa ease multivariate problems with an unequa number of inputs and
outputs, non-minimum phase systems and systems subject to congtraints.

Assume that the system is described by
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x(9) = f(x(s- 1, u(s- 1), wms- D) = f.(x(s- Du(s- D) + f (w(s- 1) (5.1

Y (8) = 9(X(s), U(8)) = 9. (X(8)) + . (US)) (52)

where the cusomary nomenclature has been employed. The vector of manipulated

vaiables isu, vy, is the vector of process meassurements, w is the state disturbance and

v the measurement noise. The disturbance and the noise could be of a determinigtic or a

dochedtic nature. The theory of output prediction is summarized through the following

steps:
X(s/s- 1) = f (x(s- 1/s- 1),u(s- 1)) (5.3)
y(s/s- 1) = g (X(s/s- D) (5.4
past | future

« Predicted Outputs

. " 1 Manipulated u(s)
o - —_ Inputs
‘ | -
— [
— I I I Cen I

Input horizon

s s+1 s+H; s+H,
|
[
1

4

Output horizon

Figure5.2  Definition of the optimization problem for mode predictive
control

Correction based on measurements:
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X(s/s) = G(X(s/s- 1,[y,(s)- ¥(s/s-1)],B)

= X(s/s- D+ B(y,(9- Y(s/s- D) &9
Prediction

X(s+1/9) = f,(x(s/s),u(s)) (56)

y(s+1/s) = g (X(s+1/9) (5.7)

Prediction for more than one step ahead can be obtained by applying the prediction
equations (5.6 and 5.7) recursvely. The present and future control actions are found

from the solution of the following optimization problem:

Min J=J,(X(s+1/s),X(s+2/9),...,X(s+ H_ /9)) +
u(s),u(s+1).... (58)
+J,(u(s),u(s+1,...,u(s+H_ - D)

In this formulation, severd assumptions have been made, only for the sske of darity in
the presentation of the formulation. For example, the fact of assuming tha equations
(5.1), (5.3) and (5.8) are separable is not sraightforward. In addition, the second equdity
of eguaion (5.5) is a quite Iample representation of the correction resulting from the
measurement of the output, and it is not necessarily vdid for dl models.

In the same equation, notice that the parameter g (or set of parameters B ) is
(are) fixed. An adaptive predictive controller APC would be obtained by combining
parameter identification and predictive control adgorithms, as shown in Figure 53. The
predictive modd will change a each sampling indant s. In the adgptive system, the

sysem modd gives an edimaion of the sysem output a ingant s usng modd
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parameters B dsn edimaed a ingant s. In the predictive contraller, the estimated

modd is used to formulate the predictive modd at ingant s and to derive the control law.

_ | Process | Ym

reference | predictive | U
Controller

A4

Model =
y

8 Adaptation v

Mechanism

Figure53  Overall block diagram of an adaptive predictive control system

In the previous formulation, the correction based on measurements step (equation 5.5)

would be replaced by the following expression in order to obtain an APC scheme insteed

of just apredictive modd:
X(s/s) = G(X(s/s- D,[y,(s)- Y(s/s- D],B(9) (5.9)
where
5= . B(s- 1) i Yn(9)> §(s/s- 1) 610
1 B(Yn(S): Y (S- D Yn(s- H,)) otherwise

In words, the set of parameters should be adjusted (within the adaptation mechanism)

whenever needed. Now, at time s, with an additional set of data available, the objective
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is to determine the updated parameters B(S). H, represents the number of sample
periods backwards the modeer will consder representative for estimating the set of
parametersB (s) in order to obtain areasonably good predictive model G .

In the next section, the dochedtic rerouting delay for dynamic vehicle routing
FRDDVR problem will be formulated in terms of the schemes presented above,
highlighting the gmilarities differences and redrictions of desgning this particular
problem as an APC, or smply as a predictive control modd. Next, in Section 5.5-5.6, a
recursve family of dgorithms for solving the SRDDVR problem in red time is
proposed. Findly, in Section 5.7, the SRDDVR scheme will be adapted to the conditions
of the pick-up decison rules taken within the “reroutable’ portion of the vehicl€'s routes

in the context of the HCPPT system.

5.4 Stochastic rerouting delay for dynamic vehicle routing: an

adaptive predictive control approach

The proposed routing-scheduling rules presented in chapter 4 were designed to account
for fundamentd issues such as the dynamic nature of the sysem. Since cdls ae
generated dynamicaly and the pick-up and ddivery decisions are taken in red time
based on sysem information a the decison time, decison rules are developed that
depend on the expected number of future insertions into pre-established vehicle routes.
Note that passenger assgnments could change over time because of changes in system
conditions. Hence, the proposed SRDDVR scheme essentidly consders stochadtic travel
times to be expected for future assignments. These travel times can be cdibrated online

based on higtorica information regarding the performance of the sysem, just as in APC
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sydems  This capability of fine-tuning the system is what essentidly brings out the
quasi-optima nature of the solutions.

Assume an influence aea A, with a trandt service network of length D in
distance units [DU]. Moreover, a fleet of trangt VF vehicles of Sze NF is currently in
operdtion traveling within the area according to the routing rules aready specified in
chapter 4 for the “reroutable’ portion of HCPPT vehicle routes. The demand for service
is unknown and is generated dynamicdly in red-time (assume a rate p, in cdls per
time units [cdl/TU]). Routing and scheduling decisons have to be taken in red time, in
order to accommodate such a demand into the available vehicles.

The predictive controller of Figure 53 is in this case represented by the
digoatching module, who takes routing decisons in red time based on the information
he has from the system (process) and the expected values for travel times and attributes
of its vehicle fleet (moddl).

Time deps are not directly gpplicable in this particular case, Snce the predictive
controller is taking routing decisons every time a cal enters the system. In other words,
the control mechanism is activated whenever a new request comes in. Hence, indead of
defining a fixed time dep, in this scheme it is necessary to formulate the problem in
terms of “epochs’ e(s), where e(s) will represent the time interva between requests
s- 1ands.

The date of the sysem a ingtant s (i.e, when request s enters the system) will be
determined by the attributes of each vehicle within the area A a that moment (say,

ATTR; (k,k + 1) for vehide j, ssgment (k,k +1)). Vehidle atributes include al vehicle

festures when leaving the k™ stop of its sequence, these are clock time of arrival
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tCL,(k), venide load L,(k) (that could be replaced by the avalable space for

accommodating new requests on the dretch), the cumulative trave-time experienced by
al passengers on board after leaving stop k, TR, (k), and a measure of the available
space for potentid passengersin the proximity of segment (k, k +1) , WSP, (k,k +1) .

This last variable is introduced here and represents the system's avalable
cgpacity (measured in vehicle seats) within the "caichment ared’ of ssgment (K, k +1)
when vehide | is expected to cross such a route segment. The catchment area concept is
discussed at length in Section 5.5 and Appendix to Chapter 5. The analyticd expression
for WSP, (k, k +1) is attached in Appendix to Chapter 5.

Moreover, the control u(s)can be visudized as the effect of the digpaiching
module routing decisons, represented by the set of sequences assigned to every vehicle
before e(s) . Andyticdly,

x(9) ={ ATTR, (k,k +1)}| " j:1...,NF (5.11)

e(s)

u(s) :{CS].}

o "L, NF (5.12)
Notice that, sequences CS, reman fixed during the whole intervd €(s), since during
that time the controller does not redize any action. With regard to the output of the
sydem, it is definitdy associaed to vehide ride times onto pre-specified segments. In
fact, the vector of process measurements vy, will be computed measuring the observed

ssgment  travel times tS, (k,k+1), occurring during the time intervd e(s) for dl

vehicles and for dl par of stops (k,k +1). These pairs of stops are adjacent stops in the
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current sequence CS; . Notice that, in order to measure the expected travel time, it is
required the vehicle to arive a sop k +1 sometime within time interva &9).
Andyticdly

Y (9) = {1, (K, K+ 1) ot 0o e (5.13)

(k k+D)i Cs;]

e(r)<e(s)

where tC, (k + 1) represents the clock time at which vehidle j leaves stop k +11 CS,, and

denotes a vehicle | sequence being defined for an epoch e(r) previous to

IHe(r)<e(s)
e(s). Figure 54 shows an example of a certain control drategy applied by the
dispatching module at the time request s enters the system, for a hypothetical case with
NF = 5.

In wha follows X(s),y(s) will represent the system predictions based on

modeling parameters cdibrated before epoch e(s) . In equations,

(9 ={ EIATTR (k.k +1)]}|e(s)

%9 ={ EItCL, (], ELL, (K], TR (), WeP, (k k+D}|__ (5.14)
" j," kk+11 CS
9(3):{E[tSj(k,k+1]}|e(S) " }," kk+1l CS, (5.15)

Expressons (5.14) and (5.15) show an estimation of the system state, comprising vehicle
features and expected travel times over predefined segments, the latter as a function of

the expected number of insations The modeing procedure embedded into the
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computation of the expected vehicle travd time, will reman invariant for a period
predefined by the modeler. In case of applying just a predictive gpproach, the parameters
of the modd would be consdered dways fixed independent of the observed

measurements y, .
Note aso that the prediction horizon H jis not fixed in this formulation, and it

can be computed as the latest expected stop time among dl vehicle sequences, that is
H,(s)= J_M%{ E[tCL, (N, )}|e(s) (5.16)

In an APC scheme, the mgor difference would be to add an adaptation mechanism via
the cdibration of certain parameters associated to the mode procedure, whenever
needed. In other words, after a period of evauation of the performance of the modd, it
could be necessary to recalibrate some procedures and update certain observed expected

vaues, in order to better reproduce the observed vaues measured in red time from the
operation of the sysem. This test can be caried out every H_epochs, with
H. <H, (receding horizon concept). See Figure 5.5 for a representation of the whole

APC process for Stochastic Rerouting Delay.

Andyticdly, the expected travel time will depend on the expected number of
non-scheduled insertions (see Section 55 for a detalled treatment of the modeling
process), which aso depends on the conditions of the system, the demand rate, and a set
of parametersB(s) describing the probability of vehide-cdl assignment given the

corresponding state conditions.
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These parameters have been calibrated before e(s) and are assumed to be representative

of the systlem behavior duringe(s) . Andyticdly,

LS, (kk+ D], =F (tsN@a, (K3, (k +2), Y, EI1, (k, k+D)] (5.17)

e(s)

where

L, (kk+ )|, = G(EATTR () o ,é(s))‘ (5.18)

e(s)

hence,

Elts, (kk+D]|  =F (tsN(a, (k).a, (k+D), V.G E[ATTR (k k +1)], 1oy .B(S))

e(s)

(5.19)
Y is a measured average of the expected additiond travel time incurred by a vehicle
due to an extra insation into its origind route, and it can be updated from system
informetion every update timeH _as well as the set of parameters A(s). Functions F and

G do not seem to have a closad form, as will be explained in Section 5.5. Thus is why it
is difficult to apply conventiond APC mode approaches in order to properly estimate
(5.18) and (5.19).

Following the adaptation mechanism, every H_ the edimation qudity is

checked. Thus
I_S:(S +1) :.¥ . B IS (k k+1) |e(S) » 1S (k k +1)] |e(s)
fB(x(s-r),y,(s-r)) forr:0,..,H, otherwise
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The estimation process B(3requires data obtained from the performance of the system
for a time period H_measured backward since the occurrence of event s. This parameter
H,. is defined arbitrarily by the modeler in order to perform a robust and representative

esimation of the stochastic mode embedded in the definition of the expected number of
pick-up insertions as will be discussed in the next section.

In summary, in this section the APC generd structure was gpplied to the specific
problem of computing the ddlays from rerouting of trandt vehides in red time, under
sochagtic and unknown demand generated dynamicaly. Provided the unknown internd
relations between components of the sysem, and conddering that the generd
expressons found in this formulation don't seems to have a closed form, it was not
possble to accommodate the system to the conventiond adaptive predictive modeling
techniques, broadly described in Section 53. In the next section, a very detaled
modeling approach is developed in order to solve the problem, cdibrate parameters and
edimate expected vehicle travel times in red time, assuming random demand generated
dynamicaly, and a set of optimized embedded decison rules applied by the dispatching

module according to the theory summarized in Chapter 4.
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5.5 Stochastic rerouting delay for dynamic vehicle routing: general

formulation and solution algorithms

5.5.1 Generalities

In the previous section, an APC scheme was introduced to find the stochastic routing
delays in pick-up and ddivery. However, given the complexity of such a system, it is
hard to conceve a manner of finding andyticd expressions for the transfer-function
modds involved. Therefore, in this section a complementary andyticd formulation
dong with a solution methodology is introduced and developed under certain
assumptions regarding the operation of the pick-up and ddivery system.

The ultimate objective is to compute vehicle j’'s expected travel time ketween any
two known points, as a function of the vehicle and system festures, and based on future
insertion decisons. As mentioned in the previous sections, these cdculations are based
on sysemwide features and performance measures, which can be updated in red time

based on historica information obtained from the sysem in a previous time period (in

the context of the APC formulation, this is H_). In this vigon, the routing rules are

dlowed to change dynamicdly as the characteristics of the system change, resulting in a
novel, control-based drategy for optimizing any dynamic pick-up and ddivery problem
regardless of the specific details.

Let us assume that the traffic conditions on the physcad network are known at
any time. This assumption could be debatable, in the sense that network traffic

conditions represents an additiond source of Stochadticity to the system, which drictly
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speaking should be superposed to the unexpected insertions factor. However, the study
of the impact on routing rules due to change in traffic conditions is out of the scope of
this andytica formulation. This effect will be sudied utilizing a hybrid gpproach based
upon smulation of a network a a microscopic level dong with the routing-scheduling
decisions taken at amacroscopic level, asexplained in Chapter 6.

Asin Chapter 4, it is important to mention that all the variables to be defined and
analytically formulated hereafter will depend explicitly on a predefined sequence of
scheduled stops CS; , known at time t when vehicle j's position is v, . Thus, the variables
defining the datus and avalability of vehide | a a particular scheduled stop k will be
functions of the path followed by such a vehicle between its current postion and k. In
addition, the variables defined over a segment (k,k+2)will dso depend on the
predefined sequenceCs, .

Now, under the same conditions of Section 5.4, the vehicle j’s base travd time
between any two stops of its sequence CS; can be computed using the surface travel

timetSN (asin Chapter 4 Section 4.2).

1tSN(a, (k),a;(k +1)) + E[tPHome] if a, (k+1)is a pick - up
tS, (k,k+1) = % tSN(a, (k), a, (k +1)) + E[tDHome]  if a, (k +1)is addivery  (5.20)

I tSN(a, (K),a, (k +1) otherwise

The previous expression depends on the network travel time (assumed known at any
time), induding the boarding or dighting time, according to the operation required at

stop k+1. If stop k+1 isjust areference point, such operation times are not considered.

194



The main premise of this formulation is that the red traved time between two
scheduled stops of an abitrary vehicle route should change because of possble future
pick-up insertions decided by the dispatching module dynamicdly over time. Hence, a
generd expression is proposed for the expected travel time experienced by vehicle j for
traveling from k to k+1, as an additive liner function of the determinigtic travel time

defined above and the expected number of insertionsinto the vehicle route as follows

E[tS, (k,k+1)] =tS, (k,k +1) + Y{E[I, (k,k +1)]} (5.21)
where

E[l,(k,k +1)] = E[PI, (k,k + 1] +E[DI , (k,k +1)] (5.22)

As defined in Chapter 4, E[PI,(k,k+1)]and E[DI(k,k +1)] represent the expected

number of pick-up and non-scheduled delivery insertions respectively. These are non
scheduled, i.e. they come from the expected accumulated pick-up insartions unknown to
the modder a decison time t. Moreover, Y is a coefficient to be calibrated,
representing the additiona time caused by one extra insertion into the origind route. The
additive form of (5.21) could be modified depending on specid conditions to be
andyzed for each specific case. In some scenarios, it could be more appropriate to define
a multiplicative functiond form for such an expresson, however in principle an additive
behavior seems reasonable.

Moreover, an additional varigble has to be introduced here in order to messure
the effective cgpacity of vehicles a any time-pogtion spot. In fact, when assgning new

passengers to a specific vehicle, it is required to make sure that the available space over
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time will be able to accommodate the pick-up requests dready scheduled for that
vehide, even if some of them are findly assgned to a different vehicle. In order to
amplify the formulaion, the fact that in redity the number of insertions must take an
integer vaue is not taken into account. It makes sense because the fina objective is to
compute expected travel times, so the expected number of insartions does not have a
physcad meaning by itsdf. Badcdly the effective vehide capacity on segment (k,k +1)
can be quantified through the approximated avalable space P (k,k+1) (in vehide

seats), which is caculated asfollows

— (zk’k (e o +ires ko) g 629

c

é
P, (K k+1) = gl +
e

oOC

In some very rare cases, the numericd vaue of the origind expresson n (5.23) could be

negative, which does not make any sense from a logicd standpoint. That is why in the
modeling procedure, the function [>}* is used instead.

The second term of the right-hand sde of equation (5.23) is a measure of the
average extra avalable sests on the vehide-ssgment resulting from future ddivery

insertions. For  such a cdculaion the expected number of  deivery
insertionsE[ DI (k,k +1)] has been split into delivery insartions from previous segments
E[DIP;(k,k +1)], and delivery insertions from the current segment E[DIC, (k,k +1)].

In most cases the latter is assumed to be zero, and it is assumed not to affect equation

(5.23) inany case.
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With regard to the expression in brackets, LRES,(k + 1) represents the reserved

gpace. This gpace needs to account for the maximum load that are known to occur in the

future ssgments. Andyticdly

LRES, (k +1) = Max| 4 RS, (M)PS, ,, - (I- st(m))]z "nik+L., N (5.24)

J
N | m=k+1

with PS representing the pick-up pool size and RS, (k) is a dummy for identifying the

nature of stop k. Thisdummy variable was dready defined in Chapter 4 asfollows

RS, (K) = 11 if thek™ stopinvehide j sequenceis apick - up
) : if the k™ stop of vehide | sequence is a ddivery

Therefore, dl terms in the summation in (5.24) account for the net load interchange at
stop m.

In dl the rerouting schemes within the adaptive predictive control framework
presented in Sections 5.3 and 54, a key dement is predicting the number of future
insartions for any vehide This depends on predicting the decisons by the digpaich
sysem in assgning new cdls to any future segment of any vehide A key focus in the
folowing sections is on developing modds of the digpaich decisons, snce in red time
what we need is to predict how the system will evolve based on the nature of the

digpatch dgorithm.
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The type of digpaich decisons causes changes in vehicle routes, number of
insartions, etc., and the core of the prediction process is in modding the naure of the
agorithm’s decison making.

In this dissertation, only the posshbility of insartions by the dispatching module is
modeled. Other things like those issues discussed in Chapter 4 regarding for example the
decison to send a vehicle to the trunk network, or holding vehicles at stops, etc., haven't
been treated as part of this framework yet. These topics have to be added to this
methodology in the future after understanding their role as pat of the dispatch
dgorithm.

Before garting with the methodology, it is advissble to understand the dynamics
of the problem. In the next section, the details of the system are discussed taking into
account how the system works and how the dispatching module takes routing decisons
in order to accommodate the dynamicaly generated customers according to certan

optimization rules.

5.5.2 Problem description
Let us describe the case of vehicle j, which a time t isin postion v, and it has been

assigned to follow a certain sequence of stops CS; combining pick-ups and deliveries.

Graphicaly
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Figure5.6  Graphical representation of a vehicle sequence of stops

The present time t is defined when vehide is a pogtion v;. In addition, dl the
information & position v,is assumed deterministic and known by the dispaching

module. For any given future ssgment (k,k+1), two different scenarios ae

distinguished regarding future insartions into the origind route:

Senario (A), in-advance (preinformed) reassignments it indudes possble future

insertions in segment  (k,k +1) before vehicle | arrives to stop k. In other words, in this
cdculation, the edtimaion of potentid insertions should account for dl resssgnments in
(k,k +2) occurring while vehiclej ismoving from location O to stop k.

Scenario (), sudden reassignments after vehicle j leaves stop K, there is ill a chance of

having additiond insations on the same ssgment (k,k +1), while vehide | is travding

throughout the segment. This scenario considers that possibility.

Hereafter, the term vehide-segment refers to a specific segment within a sequence of

stops defined for a specific vehicle. It must be noticed that on the one hand, insertions in

199



(A) should occur more frequently that those having place in (S), especidly when the
vehide-segment under andysis is far from the current vehicle postion, consdering that
there is more time for having new candidate cdls entering the ystem before the vehicle
arives to that segment. However, on the other hand, users inserted in the context of
scenario (A) will have to wait more a the pick-up location, since that trangt vehicle will
be normdly fater than another candidate vehicle-segment analyzed under scenario (S
with respect to that cdl. The travd time component usudly favor vehicle-segments in
scenario (A), while the waiting time component will definitdly favor the insartion under
the (S) option.

Regardless of the above description, in some cases the operationa rules imposed
by the trangt provider could not dlow insertions of type (9. In fact, a basic operationa
resriction in order to keep stability and avoid infinite deferment of some users, could be
not to alow insertions in segment (K, k +1) once the vehicle entered the segment, that is,
avoid modifying the imminent route.

Graphicdly, for both scenarios, reassgnments should hgppen in the way as

drawn in the following figure:

k k+1

Figure5.7  Possblereassgnment of vehicleoriginal routein both scenarios
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Note that in (A) since insertions are scheduled before the vehicle arrives at stop Kk, they
are assigned from the dready decided stops, unlike scenario (S) where insertions are
occurring whereas the vehicle is traveling towards the next scheduled sop.
Conceptudly, both schemes are different, which requires developing different andytica
trestments for each case.

Findly, notice that the modeing of the expected number of inserttions is a
sequentia process, from the conceptua nature of the potentia insaertion cases. In fact,
scenario (A) has to be modeled firdt, and once it is dready defined, case (S has to be
incorporated in the andyss provided tha insertions coming from the modding of (A)
are now part of the system.

In summary, the find expected number of insertions will be the summation of
those obtained from both scenarios, computed sequentialy, according to the conceptua

scheme described above. Anayticaly

E[l, (kk+ D] = E[I, (kk+ D], + E[I, (k,k+ D] (5.25)

5.5.3 Analytical formulation of the problem and solution methodol ogy

55.3.1 I n-advance reassignments. Scenario (A)

For the totd area of influence A assume a totd service network of length D in distance

units [DU]. In addition, a rate of cdls p. in [CAISTU-DU] is assumed. Therefore, the

rate of demand in [CalsTU] can be computed approximately as p, = D . In order

to make the cdculations smpler, it is assumed that the demand generation follows a
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uniform digtribution over the tota length of the trandt service network. In a more
generd case, it will be necessary to condgder an empiricd spatia didribution of the
demand indead, however, this fact just complicates the cdculatiion without adding any
conceptua contribution on the formulation.

Let us first compute the value for the expected number of pick-ups insartions (in-
advance reassgnments) over segment (k,k+1)in sequence CS; of vehide |,
E[PI, (k,k+1)],. Note that dl intermediate variables defined in this section will depend
upon segment  (k,k +1) associated to sequence CS;, however this dependence will not
be explicit on the notation only for the sake of smplicity and clarity.

Assuming that the demand rate represents suitably the dynamics of the system,

the approximate number of candidaie insertions for the advance scenario CIA, is

computed as follows

Cl u ko-1E tS 1 j(k’k+1) E[DI . (k,k
A= (1 + D] ———= (k,k+1)
CD ra:-O [ J( + )] A + [ J( + ]A (5_26)

CIA= CPA+ E[DI  (k,k + 1],

where AR (k,k + 1) is the segment catichment area. At this point, another assumption is

introduced. It will be assumed that segment (k,k +1) has influence manly over its
surrounding area in space. In words, under norma operationd conditions, and assuming
that there are enough vehicles moving around waiting for a new pick-up assgnment, it is
reasonable to suppose that segment (k,k +1) of vehide |’ route will be a red candidate

to be consdered as part of the pick-up decison only if the new request is generated

within some predefined area (in space) around the segment, defined as the catchment
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aea AR (k,k+1). Therefore, the probability for a cdl generated outside the catchment
area of being insarted in such a segment is assumed to be negligible.

CIA is composed by two terms. CPA, which is the number of candidate pick-ups,
ad E[DI,(k,k+1)], representing the expected number of delivery insertions, both
computed for the in-advance scenario. So far, they are assumed known and measurable.
The vaue assigned to CIA does not have to be an integer number; therefore, a new
vaidble is introduced, which is the celing of CIA, as CCIA= LIA;. Later in the
formulation the necessity of this computation will be addressed.

Conceptudly, the cachment area could have any shape aound segment
(k,k+1), but an dlipticd form with extreme points determined by stops k and k+1 on
the longest axis seems to accommodate very wdl to the problem requirements (see
Figure 5.8). In addition, the eccentricity of the elipse (e) is a parameter that could be
cdibrated based on the observed dispatch decisons, and eventudly it could be part of
the adaptive procedure as wdl. The details about the caichment area computetions are
treated in Appendix to Chapter 5.

Therefore, assuming knowledge of the expected number of ddivery insartions, it
is possble to compute the probability for a new insertion to be a pick-lpPP. The
complement of PP will represent the probability for a new insartion to be a ddivery
PD . Ardyticaly

PP:((::TF;A Pp-1.-Pp (5.27)
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x;(K), y; (K)

Figure58  Segment (k,k +1) catchment area

Another important decision factor, associated with the relative space-time podtion of the
pick-up request with respect to the vehide route, is the wating time effect. This
condderation motivates the incluson of a new varidde into the formulation DCT(Qq),
which is the difference in time between the expected arriva time of the vehicle to stop k
and the expected time of generation of the new request g, where k is the upstream stop of
segment (k, k +1) . Andyticaly

DCT (q) = E[tCL, (K)] - EZt(q) (5.28)

whereEZt(q) represents the expected cdl time corresponding to insation . This
vaiable approximatdy measures the time the customer has been waiting for service

before vehicle | enters the candidate insertion segment (k,k +1) and it is defined only
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for pick-up insertions. Notice that the DCT(q) in expresson (5.28) will dways be zero
for cases of sudden reassgnment, as explained in Section 5.5.3.2.

Expressions (5.27) and (5.28) are needed in order to incorporate the dispatch
decisons (measured quantitatively from the performance of the system) into the adaptive
predictive modeling approach devel oped here.

At this point, in order to maintain congstency in the notation utilized to describe
the insertion procedure, it is necessary to define an augmented sequence CSA,

constructed from the red sequence CS,, by incorporaing dl candidate insertions
between dementsk and k +1. Thus,

csa={01....kk+L. .k+L,.. N +L} (5.29)

where L =CCIA+1. Note that in expresson (5.29), the celing of the candidate
insartions is used ingead of just CIA, snce it is cdear that the former is an integer
number and therefore, it can be used as an index in the definition of CSA. Further on this
chapter, a correction will be incorporated in order to account for this gpproximation.
Hence, from stop k in both sequences, dl remaning pogtions are shifted by CCIA in

order to include the potentid insartions as pat of a virtud augmented vehid€e's
sequence. Thus, a;(k+1)=a,(k+L), where &, (3 denotes the same correspondence
function between sequence postion and physcd podtion defined above, but now
referred to the augmented sequence CSA. It has to be mentioned that the augmented
sequence is not a rea segquence of stops, it is just defined for darifying the gpplication of

the methodology. In addition, henceforth dl varidbles origindly defined for describing

205



some element of CS; will be written with a subscript AU when they are eferred to the

augmented sequence CSA.
The next definition is for the modd in the adaptation mechanism, as defined in

Sections 5.3 and 5.4, and it has to be cdibrated usng information obtained from the
performance of the sysem. The mode has been designed in order to estimate PAJ. the
probability of inserting a new stop g between two stops r and s that belong to CSA and
k <r,s<k+L.Andyticdly:

PA (r,q,sNI,PINS) =PPPAs, +Pp (5.30)

subject to expected load feashility conditions defined below in (5.31).

Pas, =PAs (ATTR, (r,s), DCT(q); NI, PINS) s the probability for any given
cdl a any time in the cachment area of a vehicle's future segment to be inserted to that
given segment. This probability depends on a few continuous variables. Firs, DCT(q),
where q isthe new insertion stop as defined in (5.28).

PASjaIso depends on NI and PINS because the segment conditions change

depending on the previoudy assumed insartions. Thus, NI is a parameter that represents
the number of accepted insertions between stops k and k+ L both belonging to CSA,
decided before g. PINS on the other hand, denotes a subset of NI, accounting for the
number of accepted insertions decided before g, but now only between stops k and r in

CHA.

Fndly, PASI. depends on few factors dealing with the current vehicle as well as

other vehicles that compete with it. These factors can be represented as ATTR, (1, S) .
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A graphic representation of such adecison isshown in Figure 5.9.
The st of attributesATTR (r,s) = { SPA (r,s), TR™ (r),WSP™ (r,s)} is composed by
three components. the approximated available space for future pick-ups in the context of
the inradvance scenario SPA, (r,s), the cumulative time of passengers on board when

vehide j leaves stop r, and the aforementioned available space for potentia passengers

in the proximity of segment (k,k + L).

Figure5.9 Insertion of new call qrepresentation

The expected load feashility condition condraining the assgnment probability in (5.30)
is based upon the space of the vehicle needed for future aready scheduled insertions.

Andyticaly,
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E[L™ ()] +PPE[PS]- PD £ SPA (r,5)
0 E[LY(N]+PPE[PS]- 1+PP£ SPA (r,9) (5.31)
0 E[LY(N]+PP(E[PS+ 1) SPA (r,9 +1

A second feashility condition could be added to expresson (5.30), more as an
operationa congrant. It could be required that the number of decided reassgnments in a
preceding position with respect to stop k+L of the augmented sequence (origindly k+1),
defined asNIT(k+ L), be bounded by an arbitrary parameter MRA (maximum number
of reassgnments dlowed), which messures the maximum number of insertions alowed
into a predetermined vehicle sroute. That is NIT(k + L) < MRA..

Conceptudly, NIT(k+ L) represents the maximum number of reassgnments
experienced by a scheduled stop k+L, measured from the time stop k+L was origindly
assgned to such a route. In fact, the dynamic nature of the proposed system judifies this
additiond condraint limiting the pick-up (or delivery) shift, in order to prevent indefinite
deferment.

The mode for effective pick-ups insertions can be cdibrated usng data taken
from the system by obsarving the insartion decison taken by the dispatching module. In
fact, PAS].(A'I'I'RJ.(r,s), DCT(q); NI,PINS) is modded as a binary discrete modd, in
which the dependent varidble, say v, is binay. The way to modd this behavior properly
is by utlizing the probit anadyss modd introduced by Goldberger (1964), and nicely
summarized by Maddda (1983). It is assumed that there is an underlying response

varidble y; defined by the regression relationship

yT = B'XI + (532)
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In practice, y. is unobservable. What it is redly observed is a dummy varigble y defined

by

y=1 if y >0 539
y=0 otherwise '

All the modding framework teken from Maddaa (1983), summarizing the theory and
cdibration techniques for probit and logit models are described in Appendix to Chapter
5. It is dso gppended a discusson about the smilarities and differences between both
approaches, emphasizing the advantages, disadvantages and condraints belonging to
each modeling technique.

In this particular casg, it is clear the modeled binary choice, ether the dispatching
module accepts the new pick-up request to be inserted into a specified ssgment (r,s) or
he rgects it, given the conditions of the vehicle when getting to that segment. Thus, the

determinigtic portion of the right-hand side of equation (5.32) can be written as follows

SPA(r, )

EiPS + B, TR (r)+ B, WSP™ (k,k+ L)+ B, DCT  (5.34)

lei =Bo* By

These variables are explained in detall next. The varigdbles on the right-hand sde of
expresson (5.34) are the ones that supposedly should influence the pick-up decison
taken by the dispaiching module under the cost function sructure and formulation of
Chapter 4. The kind of data collected from the sysem performance and the cdibration
methodology will be presented in much more detail in Section 5.6 and Appendix to

Chapter 5.
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With regad to the cdculation of the indicator DCT(q), it is necessay to
visudize the new insation q as pat of the potentid insertion sub-sequence
CSAT ={k+1,...,k+L- 1} contaning al potentid insartions added to CS,. Thus, if

g=k+p, gl CSAT,then

DCT(k+ p) = &- Bégl E[tS (r,r +1)] (5.35)

e D=0

assuming that the inter-arriva cal time is uniformly distributed over the whole period of
generation of candidate insertions.
The ddfinition of the agpproximated available space for future pick-ups in the

context of the in-advance scenario  SPA, (r,s) is computed likewise equation (5.23) for
the cdculaion of P (k,k+1), with the difference that in this case the expected

additiona insartions on the way between r and s have been incorporated. That is

SPA(1,9) = [Lyu + PDX(NI - PINS)+

5.36
- (E[LY (k)] + PINSE[PS] PP+ [LRES!" (k + L)]' ]| o
that can aso be written as
SPA‘ (r,9 = [LMAX +PDxNI+
(5.37)

- (E[LYY (k)] + PINS(E[PS]PP+PD)+ [LRES™ (k+ L)]")|
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In (5.36) and (5.37), LRES;"” (k+ L)is equa to expressionLRES, (k + 1) computed in
(5.24). In (5.33), PD(NI - PINS) measures the expected extra spaces resulting from the
expected deliveries between r and k+L while PI NSE[PS]xPP congders the expected

required spaces to accommodate the pick-ups happening between stopsk and r.

Noticethat if E[PS] =1, (5.37) turns out to be
SPA (1,9) = [Lyux + PD NI - (E[L™ (k)] + PINS+[LRES™ (k+ L)] )] (5.38)

The approximated measure of the avalable space for potentid passengers in the
proximity of segment (k,k + L) is computed in Appendix to Chapter 5. This varigbdle is
assumed to reman dmog invariant over the whole segment (k,k + L) and since (r,s)
belongs to (k,k+L), then WSP™(s,;r) »WSP™ (k,k+L) for al computation

purposes. Findly, the cumulaive trave-time experienced by al passengers on board

when vehide| leaves stop r, is calculated as
TR (r) = TR™ (K) + ‘%A PINS? <xE[PS] PP (5.39)

where TR (k) = TR, (k) asit was already computed in Chapter 4.

&S (kk+L)+Y xNl o _ .
:é NI * is an approximated measure of the expected travel time
N :

%]

Ap

experienced by the vehicle when traveling between two consecutive stops that belong to
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sgment (k,k +1). Y is a parameter accounting for the average extra delay per insertion
measured from the sysem. Bascdly, dl pick-ups insarted on stretch(k, r) suffer an extra

o, xPINS

delay of on average. Note that o, xPINS is an approximated measure of the

vehidetravd time on sub-segment (k, r) under the same conditions.

With regard to expresson (5.30), it must be noticed that the operation of the
system requires the expected ddivery insertions to hagppen on the pre-assgned segment,
with probability equa to 1. The policy in this sense is desgned to mantan sysem
congstency. Thus, once a new ddivery is scheduled to happen on certain dretch, it is a
cetainty that it will be deivered on that dretch. This consderation explans why the
effective assgnment probability is defined exclusvely for pick-ups, since non-scheduled

deliveries have to be inserted anyway.

Scenario (A): Expected number of pick-up insertions calculation usng a

branched process approach (BPA)

In order to edtimate the expected number of pick-up insertions occurring over certan
segment (k,k + L) associated b the augmented vehicle's sequence CSA, it is postulated
as a branched process approach (BPA). The idea behind the BPA treatment is to create a
tree with its root a stop k. The branches emerge initidly from stop k and grow towards
stop k+L. Each levd of the tree represents the incdluson of a new potentid insartion in
the order defined by the potentid insertion sub-sequence CSAT defined above in this
section. Each branch of the tree, emerging from a node a levd r for example, has an

associated probability, and represents one possible insertion order over the previous
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sequence corresponding to its parent branch computed at leve r-1. The probability of
each branch to happen is based upon dl previous cdculations and upon the probabilistic
model of expression (5.30).

Andyticdly, the expected number of pick-up insertions on segment (k,k + L)

for the advance scenario can be computed through the following recursive function:

E[PI, (k,k+ D], = E[PI"" (k,k+ L)],=L ;(k,k+L;k+1) (5.40)
where
LB, (k,k+L;k if L
L,—(k,k+L;k+p):} ok bk p) P= (5.41)
i 0 otherwise
and
LB, (k,k+ L;k+ p):PAj(k,k+ p.k+L;0,0L  (kk+ p,k+Lik+ p+1)+ (5.42)

+{1- PA (kk+ p,k+ L;0,0)}L  (kk+ Lik+ p+1)

Expresson (542) is written as a function of the branch object defined by
L (k,k+L;k+ p), which represents the event of insating the new request k+p
between k and k+L. Notice that if there are no more potentia insertions to be considered,
expression (5.41) closes the recurson assigning a vaue equa to zero to the object (no
insertions accepted). In expresson (5.42), the basic object (5.41) is a function of
L (kk+pk+Lk+p+1), generdting a new object characterizing the potentia
insartion of k+p+1 somewhere on a predetermined sequence of new insertions (in this

case containing just one eement k+ p).
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Let us define S(u,Vv) = {su),S(u+1),su+2)...,5v)} as a sequence of accepted
insartions occurring between k and k+L in some order determined by the definition

of s(i)and associated with some branch. Then, in the generd case, assuming that a

sequence S(1,m) has been dready accepted:

1 LB, (k, SLm),k + Lik+ p) if p<L
L (k,SLm)k+Lik+p)= | mPp if (p=L)U(k+L-1i SLm)
I {m-1+PLastiPP  if (p=L)U(k+L- 11 S@Lm)

(5.43)
and
L B, (k,S@m),k+ L;k+ p) =
L_IPA (k.k+ ps@imO)L (kk+ p,SLm),k+ Lik+ p+ 1) +

m+ 13
+[1- PA (k,k + p,s;m0) L (k, S@m),k+ Lik+ p+1)+

m-1
+ & ¢PA(s),k+ p,st +D;mr)L (K, SLr),k+ p,S(r+Lm),k + Lik+ p+1)+ (5.44)

r=1€

+[1- PA (s(r),k+ p,str+ 3;mn)]L | (k, S@m), k+ Lik + p+1)%+
2
+PA (stm),k+ pk+ Limm)L | (k, S@m),k+ pk+ Lik+ p+D+

+[1- PAj(S(m),k+ p,k + L;m,m)]L j(k,S(ZLm),k+ L; k + p+1)§

Expression (5.43) has now two different options to close the recurson. The problem has
been split into two cases in order to correct the fact that CIA not necessarily is an integer,
motivating the definition of a new vaiadle CCIA in order to generate a countable
number of events in the BPA scheme The way to correct this difference is by assuming
that the fird L-2 candidate cdls enters the system with probability equa to 1, however

the last candidate request k+L-1 could eventudly not appear while vehide is moving
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dong ssgment (k,k+L). It is assumed it has a probability of occurrence equds to

PLAST =1- CCIA+CIA. In casethat CIA=CCIA, PLAST = 1.

Hence, the case p=L and k+ L- 17 S(I,m) in expression (5.43), means that the
last candidate insertion does not belong to the previous accepted insertion sequence
S(L,m), in which case the number of accepted pick-up insertions associated to that
specific path defined for certain sequence of branches of the tree is equas to the number
of insartions m times the probability for a insartion to be a pick-up PP. On the other
hand, if p=L and k+ L- 11 S(1,m), it is assumed that the expected number of insertions
adso has to incorporate the probability of insertion k+L-1 to happen, as in expresson
(5.43).

Expresson (5.44) is only an daborate recursve expresson that captures the
different chances of insating k + p +1after m previoudy accepted insertions happening
in the order defined by sequence S(1,m). In addition, there is no clear reason for
assuming that certain sequence order should be better than another in the sense of
optimizing the sysem performance, therefore, it has been assumed that al branches
emerging from a common root a certain leve, are equaly weighted (by a factor equas
to 1 over m+1 in expresson (5.44)). Each one represents a potentia sequence order with
the new request, and the probability of insertion of it under that configuration is not the
same for each configuration. In fact, it depends on the probability of assgnment under
each specific configuration conditions, as defined above in modd (5.34).

Notice that if m=1, equation (5.44) 4ill works However, in such a case
S, m)=S(1,1) = s@@). In this case, the summation does not meke any sense, and

therefore, it has to be discarded from the caculations.
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Let us illugrate the meaning and the caculaions behind expressons (5.43) and
(5.44) via a conceptud example. The numericd modes and a red application of the
BPA will be developed and explaned in Chapter 7 for the different Smulated scenarios.

Suppose, there are not any expected ddivery insertions for a sequence (k,k +1) that

belongs to certain vehicle j’'s route CS,, i.ePP=1. From the demand rate and 4l the
segment  conditions, it was found that only two candidate insertions could eventudly
happen. Assume dso that CIA=CCIA, in order to smplify the anayss.

Thus, CSAT ={k + 1,k + 2}, and L=3. Customers are generated in the order as in

CSAT, that is, k+1 enters the system firdt, and next k+2 appears. That means that the
decison process is sequentid in the sense that the insertion of k+1 is decided firdt, k+2is
andyzed next, and s0 on, as would hagppen in the rea world where it has been assumed
that routing decisons are taken sequentidly, one by one, at least in the reroutable portion

of the HCPPT vehidl€e routes. Then,
E[PI™ (kk+3)],=L (kk+3k+1) (5.45)

here (using 5.40))

L j(k,k+3;k+l): LBj(k,k+3;k+1):PAj(k,k+l,k+ 30,0)L J-(k,k+1,k+ 3k+2)+
+{1- PA (k+ 1k + 30,0 }L (kK k+ 3 k+2)

(5.46)

Next, a closed expresson for L ;(k,k+1Lk+3k+2)and L (k,k+3k+ 2)has to be

computed in the next step. The former through equation (5.44), while the latter using

(5.42) asbefore. Andyticdly
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Lj(k,k+1,k+3;k+2):LBj(k,k+£Lk+3;k+ 2) (5.47)

L, (kk+3k+2) = LB, (k,k+3k+2) (5.48)

where in (547), S(11) = 1) = k + 1represents the previous insertion generated a the

fird tree level (equation (5.46)). Thus,

LBj(k,k+lk+3;k+ 2):%{PAj(k,k+ 2,k+211,0)L J.(k,k+2,k+1,k+ 3k+3)+

+[1- PA (kk+2,k+22,0)]L (K k+Lk+3k+3)+
+PA (k+1k+ 2k+3LDL (K k+Lk+2,k+3k+3)+
+[1- PA (k+1k+2,k+ 310 ] | (k,k+ Lk + 3k+3)}

(5.49)

L B, (k,k+ 3 k+2)= PAj(k,k+2,k+ 3;0,0)Lj(k,k+ 2,k+3 k+ 3+

+{1- PA (kk+ 2k +300)}L , (k,k+ 3k +3) (550

The remaning objects close the recurson, snce p=3=L. Therefore, from conditions
(5.41) and (5.42):

L j(k,k+2,k+],k+3;k+ 3=2
Lj(k,k+1,k+ 2k+3k+3)=2 (5.51)
L j(k,k+1,k+ 3k+3 =1

By replacing (5.51) back into (5.49) and (5.50), and performing some andytica work,

the following two expressions are obtained
1
LB, (kk+1Lk+3k+2) :1+E{PAj (K,k+ 2,k+21,0)+ PA (k+ Lk+ 2k + 31,1}

(5.52)

LB, (k,k+3k+2)=PA (kk+2k+300) (5.53)
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Findly, by replacing (552) and (5.53) into (5.46), the expected number of pick-ups

insertions can be computed as

E[PIM (kk+ 3], =
= PAj(k,k+l,k+3;0,0)a+%{PAi (kk+2k+210)+PA (k+1k+2k+31}2+

%]
+{1- PA (k,k+1,k+30,0)} PA (kk+ 2k +30,0)

(5.54)
Note the smplicity of expresson (5.54). Let us interpret such an expresson in the
context of this methodology. Each probability in (5.54) represents a specific insertion
event. Assuming that al possible events are feasible, it is possble to interpret each event
as a sequence of accepted insartions occurring with certain probability. Such probability
expressons have to be computed usng the discrete choice methodology explained
andyticdly through expressons (5.30)-(5.39) above refereed as the pick-up insartion
assgnment probability.

In (5.46), the only possible cases are graphicdly represented in Figure 5.10. Note
thet, there are two cases in which the total number of insertions are 2, and other two
cases with just one insartion. Additiondly, there is a chance of having no insartions (not
depicted in Figure 5.10). That case does not appear explicitly in (5.54) as wel, snce the
associated term has been multiplied by zero in the find State of the BPA (see right hand
condition of expresson (5.41)).

The find tree generated by the BPA process is showed in Figure 5.11. In the

figure, each branch of the tree has an associated insertion scenario, where dl branches
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that beong to the inferior level (“child”) depend on the scenario of the corresponding
branch a the superior level (“parent”). Figure 5.11 is dso consgtent with expression
(5.54). The firg teem of the right hand sde of equation (5.54) can be seen as the
sequence of branches a the left Sde of the figure. The expresson in parenthess
multiplied byPAJ. (k,k +1,k+ 3,0,0) represents the likdihood associated to the “child”
nest of the left Sde of the figure. In such an expresson, the insertion of k+2 is assumed
to have the same chance of occurring whether to the left or to the right position with
respect to the previous insertion k+1. That is why the factor 0.5 gppears within the
parenthesis. The interpretation of the right sequence of branches is analogous.

Each path from the root node towards the bottom of the tree yields a pick-up
insations number PI, having certain probability according to the path sequence adong
the tree (from the top to the bottom). In this smple case, expresson (5.54) summarized
the find computation. In the generd case, recursive equations (5.42) and (5.44) provide
the right way to compute the expected number of pick-up insartions under dl the
aforementioned assumptions.

Let us goply some numbers. If for ingance from the discrete choice modd, it

were known that

PA (kk+Lk+30,0) =05
PA (kk+2k+110)= 025

(5.55)
PA (k+1k+2,k+312) =025
PA (kk+2k+30,0) =05
then, expressions (5.54) and (5.21) would yield
E[PI? (k,k + 3], = 0.5*1.25+ 0.5* 0.5 = 0.875
(5.56)

E[tS™ (k,k + 3], = tS™ (k,k +3)+ Y *0.875=15+ 4.375=19.375 (mir)
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conddering a segment of 15 minutes and a measured extra time per insettion of 5
minutes. In this particular case, the expected traved time on tha segment to be
condgdered in the cogt function formulation, affecting both operator and users, should be
20 minutes instead of 15 minutes used if the gpproach would not be applied. Though this
case does not show a relevant difference it is important to account for such differences.
For example, in case of a Stuation where insartions were far away one each other, and
therefore, the cdibrated factor Y were much grester than 5 minutes (say, around 10 to
15 minutes), the bias for not including such a difference could become consderable.

So far, for the advanced scenario, dong the whole formulaion it has been

assumed that E[DI ; (k,k +1)], is known for al segments that belong to CS; . In the next

aub-section a methodologicd and andyticd approach for estimating the expected
number of nonscheduled delivery insartions is presented, assuming known dl festures
of previous segments, including the totad expected number of pick-up insertions on those

segments, that is, by knowing

E[Plj (r,r+1)] = E[PI j(rir +1)]A + E[Plj (r,r +1)]s'

for dl ssgment (r,r + ) such that r + 1£ k. Notice that the second term of the right-hand

sde in the previous expresson (corresponding to the sudden scenario §) will be

computed andyticaly in Section 5.5.3.2.
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I nter preting the probability of pick-up assgnments
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Figure5.11 Branched process approach (BPA) tree example

222




Scenario (A): Expected number of ddivery insertions calculation

For edimating the expected number of ddivery nonscheduled insartions a decision
time t for the advanced scenario A), it is required to know the total number of expected
pick-up insartions for al segments preceding segment (k,k +1) . However, te problem
could eventualy depend on non-scheduled ddiveries on segment (k,k +1) coming from
a nonscheduled pick-up occurring on the same segment, generating a cumbersome
iterative process (see expression (5.26)). This last phenomena is very unlikdy to happen,
only on long segments this effect could have a consderable effect on the travd time
edimation. Even though, it seems not very practica to solve the iterative process in most
cases, the dgorithm is conceptudly presented next in Figure 5.12.

In summary, dl unexpected ddivery insettions occurring on  ssgment
(k,k +1) are caused by the expected number of pick-up insertions computed previoudy
and sequentidly segment by segment, from the current vehicle postion (stop 0) till
reeching stop k+1. Thus, the tota number of passengers to be ddivered from 4l

unexpected insartions on segment (r,r + 1) , can be computed as follows

NPI, (r,r +1) = E[IS|E[PI, (r,r +1)] (5.57)

where E[PI (r,r+1)] is the totd number of pick-up insertions occurring on

sgment(r,r+1) and EJ[IS] is the expected trips per pick-up stops introduced in

Chapter 4. Notethat inthiscase, E[1S] = E[PS] snce E[ES] = 0.
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From either the performance of the sysem or by collecting higtoricd data, it is
possble to esimate the expected value and the variance of the length of internd trips for
such a system. Let us cdl them p= E[tIT]and o? = Var (tIT) respectively. Moreover,
let us assume that the length of internd trips is distributed N(u,s?), according to the
parameters obtained from the system itsdf. On the other hand, let us assume that the
dart time of the trip associated to those passengers to be ddivered (or individud trips) as
in (5.57), is digributed uniformly over dretch (r,r +1). By usng a smilar goproach as
that applied in the pervious sub-section, a discrete number of trips coming from the
unknown pick-up insertions of equation (5.54) can be found, entering the sysem with

the following inter-event time:

E[tCL, (r + ] - E[tCL, ()]
CNPI (r,r +1)

Dt, (,r +1) = (5.58)

where E[tCL, (r)] and E[tCL, (r +1)] are the expected clock time at stops r and r+1
repectively. In addition, to make the denominator of (5.58) discrete, define a corrected
number of pick-up insertions, CNPI

CNPI (r,r +1 = NP1, (r,r + 1) (5.59)

A correction accounting for such a damplification, as in the previous section, will be

introduced later in the formulaion. Given that, and arbitrary trip starting between stops r
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and r+1, has catan chance of fdling into segment (k,k + 1), according to the following

graphical representation:

/>\N(u o %)
7
i

(
r r+1 k k'+1 {
t, t,+ E[tIT]

Figure5.12 Probability of arrival of an arbitrary customer on segment (k,k +1)

The shaded area in Figure 5.12 can be found by knowing the vaues of the cumulative
digribution function for the standard normd F (x), according to the following andytica

expression:

&E[tCL (K +1)- t, - E[tIT]o tCL. (K)- t, - E[tIT]a
xj(to;k,k+1):Fg[ kD)t - E[tIT]o  =HtCL,(K)- t, - EtiT]o

¢ Nar (U T) R JVar (tT) : (560

Expresson (5.60) can be seen as the contribution to the expected number of ddivery

insertions due to the individud trip darting a t,. Therefore, by applying expresson
(5.60) for dl the CNPI,(r,r +1) new individud trips sarting on stretch (r,r + 1), and

summing over dl segments (r,r +1) preceding stretch (k,k +1), that is to say for dl
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segments containing the stops from podtion 0 to k, the expected number of ddivery

insertions for the advance scenario between stops k and k+1 can be computed as follows

k CNPI;j(r,r+1)
E[DI,(kk+D],=& & »,(E[tCL, ("] +Dt,(r,r+ Yk k+1) o,(i;r,r +1)  (5.61)

r=0 i=1

where

1 if i < CNPI,(r,r+1)

: 5.62
PLASID, (r,r +1) otherwise (562)

: i
G (rr+) =i
1

The correction factor PLASID, (r,r+1) is computed like PLAST (equation 5.43),

accounting for the chance the last trip on the segment has of entering the system. That is

PLASTD, (r,r +1) =1- CNPI, (r,r +1)+ NPI (r,r +1) (5.63)

Graphicdly, each interior summation of expresson (5.61) can be seen as a superposition

of repedting Fgure 5.12, but associated to different origins, al spread out over

segment (r,r + 1) :
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Figure5.13 Expected number of ddiveries on segment (k,k +1) from a specific
preceding segment

As mentioned above, in some very speciad cases it will be necessary to iterate with

respect to E[PI, (k,k +1)] , inthefollowing way:

Initialization
E[DI; (k,k+D]Y
Iteration j> 1
A 4
CCIAY j=j+1 . cclA®

A A
E[PI, (k,k+ 1)]¥ E[PI;(k,k+ D]

i ; Applying equation

i # (5.57)-(5.63)
E[DI, (k, k + )]¥ E[DI; (k,k+ D]{

Figure5.14  Iterative process to compute E[ DI (k,k +1)] ,

The solution should converge to a vaue very close to zero for the last segment

contribution, which is the one that generates the iterative dgorithm. Therefore, a good
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sating point E[DI, (k,k +1)]’ could be the estimated expected number of delivery

insertions from al segments preceding stop k.
In the next sub-section, a smilar methodology is used to treat the sudden
resssgnments scenario (S), for both, the expected number of pick-up and deivery

insations.

5.5.3.2 Sudden reassignments. Scenario (S)

For this scenario graphicaly described in Figure 5.7, the BPA is gpplied in the same way
as done before for the in-advance reassignments case. However, there are some
important aspects characterizing this new phenomenon that make the BPA treatment
somewhat different when the assgnment decisons are taken while vehicle is traveing
aong the candidate insertion segment:

» There is an extra source of uncertainty when computing the candidate insertions,
since they depend on the time the vehicle crosses the segment. The reason is that,
in this case the segment itsdf maches the insation segment, therefore the
segment time will dso depend on the insartions on that specific segment, which
are obtained from the potentid candidate insertions. This linked process will add
an iterative adjustment in the computation to be discussed further in this section.

» The scheme depicted in the right sde of Figure 5.7 reflects a difference in the
computations with respect to scenario (A), as a rexult of the time a which the
new request enters the sysem. Modly, the new request will find the vehicle
moving aong the possble insartion segment, therefore, the route-change point

will be in generd different from the origin sop of the segment, which dightly
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modifies the expressons for computing the explanatory vaidbles in the
probability insartion formulation (as in expresson (5.34)). In this section, the
new formulation will be developed in detall.
Given that both processes occur sequentidly, for obtaining the formulaions associated
to scenario () it is assumed the expected travel time on segment (k, k +1) resulting from
the development of scenario (A) is known with certainty. The notation will be smplified
noting that al in-advance variables used in the mathematicd development depend and

are defined exclusively for segment (k,k +1). That is,

E[tS, (k,k+D], =TA=tS (k,k+1)+Y IA (5.64)

where IA=E[I, (k,k+1)], =PIA+DIA=E[PI, (k,k+1], + E[DI, (k,k +1)],. At this

point, anew varigble caled “the pick-up ratio in-advance’ is defined as follows

prA = P1A (5.65)

The pick-up ratio in-advance PRA measures the actua ratio between expected pick-ups
and totd insartions according to the expected values and probabilities computed in
5531 As a reallt, it is draghtforward to define the “ddivery ratio in-advance’,
PDA=1- PRA.

All cdculations peformed here will assume that the base travel time for moving

from sop k to stop k+1 equasto TA. Following the same arguments provided in the last

229



section, the base approximate number of candidate insertions on section (k,k +1) for the

sudden scenario CIS, , is computed in the following way

AR (k,k+1)
CIS, = ey TAX———=+E[DI, (k k +1]]5 (5.66)

Its has been labdled as base, Snce this expresson just consders the travel time resulting
from the in-advance scenario, however, the actua travel time is supposed to be greater
than TA due to the insartion of additiond assgnments into the vehid€'s route in the
context of the sudden scenario. That is why the find result has to be corrected
iterdtively, in the way it will be shown further in this section. Findly, it is worth to
mention the incduson of the expected number of ddivery insertions obtained from the
extra pick-up insertions occurring in the same segment. Normadly, and for cases of
segments with a reasonably length, it can be assumed this contribution to be negligible.
However, in some extreme cases, where for example a vehice has currently been
assigned only to pick-up one passenger very far from its current location, it could be
necessary to take this portion into account, consdering the chance of having pick-ups
and deiveries happening between the current position and the distant scheduled stop. A
amplified treetment for this term will be aso discussed further in this section.

In a firg gpproximation, it could be assumed that no deivery insations are
generated from a pick-up insartion occurring within the same segment, in which case

(end just as an initid solution), E[DI;(k,k +1)] =0. However, in order to make the

andysis more generd it should be assumed that E[ DI (k,k +1)]¢ has a vaue different
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from zero. The problem with this generdization is tha, unlike scenario (A), the
computetion of this term will depend on the caculation of the expected number of pick-
up insartions over the same segment, generating an undefined problem, which requires

an iterative solution. This fact will be discussed further in this section. So far, assume
E[DI (k,k +1)] s known.

As before, the celing of CIS,is defined to correct the incluson of non-integer
vaues into the BPA, therefore, CCIS, = &CIS, (). From expression, (5.66), and likewise

expresson (5.27), it is possble to define the probability of a new insertion to be ather a

pick-up or adeivery under the new scenario asfollows:

Ppg - Moo TAXAR, (k k +1)
CIS, XA

Pps=1- Pps (5.67)
In what follows, the subscript b will be omitted in dl variables for the sake of amplicity,
however, it is important to keep in mind that the proposed formulation assumes TA to be
the expected travel time on segment (K, k +1), which could eventudly change according
to what it was explaned above. Note that conceptua difference between expresson
(5.67) and the ratio computed in equation (5.65), snce they come from different
scenarios and the pick-up ratio in-advance is know deterministic and know at the time of
start experiencing the sudden scenario.

At this point, it is agan necessary to introduce the concept of augmented

sequence CSAS, condructed from the origind sequence CS;  but incorporating dl

candidate insertions between stops k and k+1. Thus,
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csAs={04,...,kk+1..k+L,..,N, +LS] (5.68)

where LS=CCIS, +1 as before. The notation and consderations are analogous to

Section 55.3.1. The most important difference with the previous scenario is in the
treetment of the explicalive vaidbiles in the definition of the pick-up assgnment
probability. The calibration procedure does not dgnificantly change under this option,
however, in the andyticd formulation, the variables have to be defined according to the
new scenario. Thus, the assgnment probability expressons in eguations (5.30) and

(5.34), now become

Ps, (r,a,s NI, PINS) =PPs:PAs +Pbs (5.69)
NI and PINS ae defined as before but only accounting for those insertions happening
under the sudden scenario conditions. All in-advance insertions are incorporated

separately. The feaghility conditionsin this case are defined as follows

E[L* ()] +PPS(E[PS] - 1) £ SPS, (r,9) +1
NITS(k + LS) < MRA (5.70)
gT(r,q,9£1

The second feashility condition in (5.70) must incorporate the aready decided in-

advance insertions, therefore, a new varigble has been defined including the previoudy
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reassgnments of stop k+L plus 1A extra insartions. Then,
NITS(k +LS) = NIT(k+L)+IA.

PASJ.(ATI'R]. (r,9),0;NI,PINS) is the effective pick-up assgnment probability
under the (S) scenario, under Smilar conditions as those detailed in the previous section.
In this case, ATTR (r,9) ={ SPS, (r,5), TR™ (r)) WP (r,9) |, and DCT(q)=0 for dll
g consdered under this scenario.

A new vaiabdle gT(r,q,s) has been introduced, and dso a new condition has

been added in expression (5.70). Andyticdly,

EZt(q)- E[tCL™ ()]
E[tCLA (s)] - E[tCL™ (r)]

gr(r,g,s) = (5.71)

This variable represents the proportiona difference in time of occurrence of new request
g with respect to the expected time of ariva at locations defined by the stops r and s.
The mentioned extra condition is an additiona feashbility condition, sating that no
insertions can happen on a segment if the vehicle dready passed that segment.

The mgor difference in this scenario with respect to the previous one, is in the
definition of three fundamenta variables according to the new prevailing conditions,
which are the agpproximated avalable space for future pick-ups in the context of the
sudden scenario, the cumulative travel time experienced by al customers on board and

the difference in time between the expected arival time of the vehicle a sop k:
SPS, (r,9), TR™ (r). The computation of WSP™ (s,r) » WSP™ (k,k +LS)is redized

under the same assumptions as those established in the previous section.
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The modding framework is smilar to that introduced in (5.34), thet is

(r,s)

X =B + F5, * B, TR™ (1) + B.WSP™ (k k+ LS) + B, DCT 5.72
Bxi_BO B:LW Bz i (I’) Bs j (’ ) B4 ( )

therefore, the data collection for cdibrating the corresponding coefficients will follow
the same procedure, independent of the insertion scenario.

In the context of this scenario, we could have a sequence of reassgnments as in
Figure 5.15. Note that there are two different types of insertions. One occurring in the
same way as in scenario (A), and a new type of insertion, where the decison point is not
a physica stop, but a point dong the pre-defined route where the vehicle takes a new
path towards the new insartion point dynamically assgned at tha time. In Fgure 5.15,

these decision points (which are not red stops) have been highlighted by green squares.

Figure5.15 Possible sudden scenarioinsertion
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Therefore, two cases can be didinguished in this andyds. Following the usud notation,
suppose a new candidate pick-up insertion g (which is redly k+p as a member of the

ub-sequence CSAT) has to be consdered for insertion on the dready decided dretch

(r,s). Then,

Case I The new request occurs in time when vehicle is dready moving aong candidate

insartion ssgment (r,s) . Andyticadly, it happensif O £ gT(r,q,s) £1. Graphicdly:

q EZt(Q)

r decision point S

E[tCL’j*U (Nl E[tCL: (s)]

Figure5.16 Casel: insertion request

Case 2 The new request occurs in time when vehicle has not yet reached scheduled stop

r. Andyticaly, it happensif gT(r,q,s) <0. Grgphicdly:

q

Figure5.17 Case2: insertion request
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For notation effects, the decison point will be defined as 7 and it will only be
conddered in the definition of the variables for Case 1. Cases where gT(r,q,s) >1 are
not feasible insations, therefore, they are excluded from the andyss (see the third
condition of expression (5.70)).

Let us first condgder the case of SPS,(r,s). Andyticdly, the variddle will take

two different forms depending on the case.

If Casel,

SPS, (7,5)= [Lyn +PDS(NI - PINS) +
+(1- PRA)[@- gT(r,q,s))¥A(r,S) + IA(S k + L9)]

(5.73)
- E[L(K)] - PINSPPSE[PS] - PRA(IA(k,T) +gT(r,q,s) XA(r,s))E[PS]

- [LrRES™ (K + L) ]

Smplifying terms, (5.73) becomes

SPS (T,9)= [Lyax - IA(K,T) PRA E[PS] +
+1A(r,s)[L- gT(r, p.s)- PRA+PRAXGT(r,q,s) - PRAXGT(r,q,s) E[PS]|+

+1A(s, k+ L9)[1- PRA]+PDsxNI - PINSPDs +PPsE[PS)) (5.74)

- E[L% (K] - [LRES™ (k +LS)| ]
In (65.73) and (5.74), IA(m,n)represents the expected in-advance insartions occurring

between stops m and n, and is computed depending on the pair of stops involved at any

caxe. That is,
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1A

A
IA(K,1) = = PINS (5.76)
Ak +LS)= —2 (NI - PINS) (5.77)
NI +1
1A

Notethat IAk,r) + IA(r,S) + IA(S k +L8) = ——— (PINS+1+ NI - PINS) = IA.
+

Inthe particular casewhen E[PS] =1, (5.74) becomes

PS (7, 9) =[Luax - 1Ak, 1) PRA+IA(r,9)[1- gT(r,q,5)- PRA]+
+1A(s k + LI)[1- PRA] +PDs NI (5.78)
- PINS- E[L* (K)] - [LRES® (k + LS)]+]+

snce PPs+Pps =1 .

On the other hand, if Case 2 the find expresson for this variable is much smpler than

that obtained for Case 1. In fact,

S, (1,9) = |Lyax +PDS(NI - PINS) +(1- PRA)XA(s k +LI)
- E[L™ (k) - PINS’PPSE[PS] (5.79)

- PRA(IA(r,5) + IAK, 1)) E[PS] - [LRES (k + LS)]+]+
or, by rearranging terms,
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SPS (1,9) =[Lyax - IAK,r) PRAXE[PS] - IA(r,s) PRAXE[PS] +
+1A(sk +LS)(1- PRA) +PDs i - PINS(PDs +PpsE[Ps)) (5.80)
- E[L* (K)] - [LRES? (K + LS)]+]+

and, when E[PS] =1, (5.80) turnsto

S (1,9) =Ly - IAXPRA+IA(s,k +LS) +PDSx\I
1. (5.81)
- PINS- E[L™ (K)]- [LRES™ (k +LS)] ]

In generd, find expressions (5.74) and (5.80) establish the vaue of SPS,(r,s)in both

posshle insations cases. Note that the estimation of the avalable space for new
candidate pick-ups condgders the joint effect of both scenarios, weghted by the
corresponding factors a any case. On the one hand, in case of the in-advance scenario,
the expected number of insertions and the pick-up ratio weight are assumed to be known.
On the other hand, the sudden scenario effect is added through the new candidate
insertions and the pre-defined probabilities, generating the above described andytica
expressons.

The corresponding BPA formulation for the sudden scenario, to be developed
further in this section, will drictly determine which case corresponds to each candidate
insartion under andysis.

The second varisble TR (r) has dso a different trestment depending on the

insartion case.
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Thus, if Case 1, then

w E[PS] >{PPS PINS+ PRAIA(K, )} +

TR (r) = TR (k) +
(5.82)

+—9T(rj2q’s)2 E[tS™ (r,s)] PRAXA(T, ) XE[ P

where the expected travel time between stops k, r and r,s is computed accordingly, that

is
E[tS™ (k,)] = EMSPWS (5.89)
N+1 g
TA+Y NI 6
E[tS™ (r,8)] = o, = ot Y O 5.84
(51 (9] 2o = F T T2 (58
If Case 2,
AU AU E[tS'AU (k,r)]
TR (1) = TR (k)+#E[PS]x{PPS><PINS+ PRAXIA(K, )} (5.85)

Before computing the third varigdble DCT(q), it is necessry to compute an andyticd
expresson for the factor gT(r,qg,s) in the context of this formulation. Recdling the
definition of the sub-sequence TCAT ={k+1k+2,....,k+LS- 1}and the definition of
o in (5.84), it is essy to find an expresson for gT(r,q,s) from (5.71). o represents
an gpproximated measure of the vehicle travel time between two consecutive stops on
ssgment (k,k +LS), in the same way that o, was defined for the in-advance scenario in

the previous section.
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It is sraightforward to show that the denominator in expression (5.71) is equa to

o, . Infact,
E[tCL™ (r)] = E[tCL*" (K)] +W§m NS
ad
E[tCLAY ()] = E[tCL™ (k)] + ij NS +1)
therefore
E[tCLAY (9] - E[LCEY (r)] = a“:”%’;'\”%: o, ged (5.86)

In addition ql TCAT, therefore it can be written as q=k+ p, with 1£ p£ LS- 1.

Then, by assuming that the candidate cdls are drawvn from a uniform digribution in

time, it isadirect result that

EZt(k + p) = Q &P OTA (5.87)

therefore, by replacing back (5.86) and (5.87) into (5.71), the following expression for
gT(r,k+ p,s)isobtaned:

aep oTA

gT(r,k+ p,s) = - PINS (5.88)

S

Expresson (5.88) will condition the case, whether it is Case 1or Case 2 depending on

the assumed time a which a random cdl enters the system, and dso, depending upon the
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characterigics of sub-ssgment (r,s) where the customer is conddered for insertion.
Recdling the definition of esch case it is possble to rewrite the origind feashility

conditions as follows

pTA

Casel: OF£
LSao

- PINS£1

or equivaenty L—pSTA3 a PINS U L—pSTAEaS (PINS+1). The interpretation of tis

condition is very smple. Badcdly, the time of generation of the new request k + p (left-
hand sde term in both inequdities) has to occur after vehicle j arrives a stop r and

before it leaves stop s (right-hand dde term of the firg inequdity for r and of the second

onefor s).

pTA

LSog

Case 2:

- PINS<O0

or equivdently P A< o PINS. This condition dtates that in Case 2 the new request

LS

has to be generated before than vehicle| arrivesto stoprr.

pTA

LSolg

Infeasible Case: - PINS>1

or equivaently L—F;TA> aS(PI NS+1), meaning that the new request enters the system

after vehide| dready leaves stop s.
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At this point, it is possble to formulate the BPA sructure in the same way it was

donefor the (A) scenario.

Scenario (S): Expected number of pick-up insertions calculation usng a

branched process approach (BPA)

The expresson for computing the expected pick-up insertions on a Segment
(k,k +LS)T TCS under this scenario, assuming that the in-advance scenario has aready

been decided, follows the same structure as before. Andyticaly,

E[PI, (k,k+1)]s =E[PI ™ (k,k +LS)]g =LS;(k,k + LSk +1) (5.89)
where
iLSB (k,k+LS;k+p) if p<LS
LS, (k,k+LSk+p)=f , (5.90)
i 0 otherwise
and

LSB, (k,k+Lk+ p):PSj(k,k+ p,k+LS00)LS (k,k+ p,k+L;k+p+1)+
+{1- Ps (k. k+ p,k+L;0,0)}LS, (k,k +L;k+ p+1)

(5.91)

Notice that, as before, the nitid vaue for NI and PINS is equd to O, since they represent
the previous insartions under the sudden scenario only. Those insertions decided for the
inadvance scenario were incorporated in al the expressons described above in this

section.
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Define S(u, V) ={ s(u), s(u+1),su +2)...,S(v)} @ the sequence of aready decided
insartions occurring between k and k+L in some order determined by the definition of
8(i) and associated to some branch. Then, in the generd case, assuming that a sequence
S(1,m) has been dready accepted:

1 LSB, (k,S(Lm),k+LS;k+ p) if p<LS
LS, (K, S@m),k +LS;k +p) = | mPPs if (p=LS)U(k+LS- 1 sam) (592
[ {m-1+PLastslPps i (p=LS)U(k+LS- 11 s@m)
and
L SB, (k, S m),k+ LS k+ p) =
:miﬂ\ipsj (k,k+p,s@);mO)LS,(k,k+p,SIm),k+LSk+p+D+
+[1- Ps; (k,k+ p, s;m0) |LS, (K, SLm),k + LSk + p+1) +

m-1
+3 é?sj () K+ p,Sr+ ;M) LS, (K, S r),k+ p,Sr+Lm),k+ LS k+ p+1) +
r=1

+{1- Ps, (s),k + p, st +0;mr)]LS, (k, S m), k+ LSk + p+1)§+
+Ps, (s(m),k+ p,k+LSmMmMLS, (k, SLm),k+1,k+LSk+ p+1)+
+[1- PSJ- (S(m),k + p,k+LS;m,m)]LSj (k,S@m),k+LS;k + p+1)g
(5.93)

As before, expresson (5.93) has now two different options to close the recurson. The
problem has been split into two cases in order to correct the fact that CIS, is not
necessarily an integer, motivating the definition of a new vaidble CCIS, in order to
generate a countable number of events in the BPA scheme. The way to correct this
difference is by assuming that the fird LS2 candidate cdls enter the system with

probability equa to 1, however the last candidate request k+LS1 could eventudly not
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aopeaxr while vehide is moving dong segment (k,k+LS). It is assumed it has a
probability of occurrence equalsto PLASTS =1- CCI§, +CIS,.

Notice that if m=1, equation (5.93) dill works. However, in such a case
SA,m) =S =s@@). In this case, the summation does not make any sense, and
therefore, it has to be discarded from the caculations.

It is clear that in this case there is no dgnificant difference with the in-advance
scenaio. The mgor difference is in the extra complexity in the computation of the
vaidbles on the right-hand sde of expresson (5.72), and adso tha the in-advance
insertions aready decided are now pat of the base sysem for this scenario, mostly
influencing vehide travd times.

For example, suppose tha in expresson (5.93) it is necessary to compute
PSj(k+lk+2,k+3;],:D. Assume that there are one in-advance insartion scheduled

and CIS, =2, which is equivdent to LS = 3. In addition, the base travel time is equa to

15 minutes and Y =5 min. In this cass, TA=15+5*1=20 min. conddering the

exigent in-advance insartion.

Thus,
2* 20
gT(k+Lk+2,k+3)= 3125 1=1.0666666- 1= 0.0666666 (5.94)
: 20+5*1 _ , N
snce og = > =12.5. Therefore, this insertion corresponds to a Case 1insertion,

and then, the explicative variables have to be computed using formulas (5.74) and (5.82)

accordingly.
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Scenario (S): Expected number of delivery insertions caculation

In case of computing the expected number of delivery insertions occurring within the
same segment it is necessary firg to esimate the expected number of pick-up insertions
under the sudden scenario conditions. After that, the same methodology applied for the
inadvance scenario has to be used, summarized in equaions (5.57)-(5.63), but
conddering only the pick-up insertions generated within the same segment.

Andyticaly, defining

NPIS, (k,k +1) = E[IS]E[PI, (k,k+1)] (5.95)
then

Dts, (k,k+1) = E[tCLé,(\.ka;?](l;, E [Jf)Lj = (5.96)
where

CNPIS, (k,k+1) = gNPIS, (k, k +1))]) (5.97)

usng (5.60), the following expresson is obtained for the expected number of pick-up

insartions on segment (k, k +1) under the (S) scenario:

CNPIS; (k k+1)
E[DI (kk+D]s = & A, (E[tCL, (K)] +Dts (kk+1);kk+1) G (i;k,k+D) (5.98)

i=1

where
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: ] 1
G (ik,k+D =i
|

and

PLASTDS, (k,k +1) =1- CNPI, (k,k +1) + NPI  (k,k +1)

As mentioned above, in most cases this contribution can be conddered equad to zero
without any discusson (A, ® 0), however in some specia cases, this effect cannot be
discarded a priori, specidly when the segment under andlyss is long enough, or Smply
when there is no other dternative of insertion left after the corresponding pick-up.

However, the objective of this methodology is not to use the expected number of

unknown insertions directly, but to estimate a redidic travd time due to possble future

if i <CNPIS, (k,k+1)
+PLASTDS; (k,k +1)

otherwise

insartions, in which case, the contribution of this part is not considered sgnificant.

In any case, solving this problem requires an iterative gpproach summarized in

the next chart:

Initialization

E[DI (k,k +D]?

A

cals®

A 4

E[PI,(kk +D]®

v

E[DI (k k +D]2

j=j+1

Iteration j > 1

ccis?

v

E[PI, (k,k +1)]

v

E[DI (k,k +D]?

Applying equations
(5.95)-(5.98)

Figure5.18 Iterative processto compute E[DI (k,k +1)]¢
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In this case, the solution should converge to a vaue very close to zero in most cases for
E[DI,(k,k+1)]s, therefore, a vaue E[DI,(kk +1)](S°) =0 is probably the most

reasonable sarting point for running this agorithm.
In the next sub-section a second iterative correction is addressed in order to find

the total expected number of pick-up insartions under scenario (S).

Scenario (S): Correction factor in the estimation of the expected number of

pick-up insartions

There is one last correction left to address in this chapter. Notice that the expected
number of pick-up insartions on segment (K, k +1) obtained in expression (5.89) depends
on the total number of candidate requests occurring whereas vehicle j is moving through
the segment, which was defined asCIS, . By observing expresson (5.66), it can be seen
that CIS, depends upon the base travel time TA and on the expected number of delivery

insations  E[DI(k,k +1)]5. The issue is that the more candidae insetions are

consgdered, the more actud insartions should happen on the segment. That increase in
number of insetions should eventudly rase the travel time of the vehide on that
segment, generating, as a result, more candidate requests. These extra candidate requests
could eventudly incresse the actud number of insartions under scenario (S). The
feagbility condraints should stabilize the system converging to certain vaue.

The objective of this correction is to check if the expected number of insartions
on a sggment (manly pick-ups) remans invariant due to sudden reassgnments

happening dynamicdly when a trangt vehicle is moving between two scheduled stops of
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its route. The aforementioned iterative process, associated to this correction, can be

represented by the following two charts:

Initialization

CCIS = f(TA E[DI, (k,k+D]Q)

E[PI; (k,k+D)] gy,

Figure 5.17
(Iterative process for
Expected delivery insertions)

v v
EtS; (k,k+D], E[DI; (K, k+D]g&

3

Figure5.19 Iterative processto compute E[I ; (k,k+1)]4: initialization

Iteration | >1

CCIS, = f(E[tS, (k,k+1)] ..,y E[DI; (k, K+ D]

y

E[PI, (k‘, k+1)]g

i=i+1

Figure 5.17
(Iterative processfor
Expected ddivery insertions)

v v

E[tSj (k, k +1)](i) E[D| i (k, k +1)] (S‘](i(i)))
l |

A

Figure5.20 Iterative processto compute E[I ; (k,k+ D] ¢: iteration i
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Figure 5.19 badicdly represents the process summarized throughout the whole Section
55.3.2. From an initid rate of demand, a known base travel time obtained after
conddering the in-advance scenario, and an initid guess about the expected number of
pick-up insertions from the sudden scenario, it is possble to compute the expected
number of pick-up insertions on ssgment (K, k +1) beonging to vehicle j’s route, usng a
BPA procedure from an adaptive predictive control bass. With the expected number of
pick-up insertions, the iterative process in Figure 5.18 can be run for determining the
expected number of deivery insertions from the sudden scenario. Findly, from the totd
number of expected insertions, the expected vehicle travel time on that segments can be
edimated. Figure 5.20 shows haw to adjust this caculation by iterating on the candidate
insartions till the expected vehicle travd time becomes sable (Amost invariant). In
Chapter 7 some numericd experiments for analyzing the pattern of convergence of these

agorithmswill be carried out under different supply and demand conditions.

5.6 Stochastic rerouting delay for dynamic vehicle routing: data
collection and model calibration

In Appendix to Chapter 5, a brief discusson about discrete choice theory and estimation
methodology is presented, taken from Maddala (1985). As mentioned in Section 5.5, it
has been assumed that the process of vehicle-customer assgnment can be described as a
discrete regresson model. By discrete regresson model, we mean those modds in which

the dependent variable assumes discrete vaues. In this case, it is dso the smplest of
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these models, in which the dependent variable v is binary (it can assume only two vaues,
which for convenience and without any loss of generdity, are denoted 0 and 1).

In this paticular modeling framework, y can be defined as 1 if the dispatching
module decides to assgn a combinaion vehicle-ssgment-customer, O otherwise. The
right-hand side variables, or independent variables, were chosen as the ones that should
better explan the minimizing cost behavior of the dispatching module when taking
assgnment decidons, given the feadhbility condraints of the problem discussed in
Chapter 4.

In addition, it was decided to try two different functiond forms for the
cumulative digribution function, determined by the assumptions made &bout the error
terms of the linear regression relationship (see Appendix to Chapter 5 for more detalls):
the binary logit and binary probit models.

Let us illusrate the meaning of the probability of accepting a new pick-up
asignment g, on dretch (k,k+1), defined as PAS (ATTR (k,k+1),DCT(q)),

assuming that the cumulative didribution of the eror (L) is the logigtic, obtaining the

logit modd. In generd

PAs, (ATTR, (k,k+1), DCT(q)) = Prob(y, =1) =Prob(p, >- B'x)

, 5.101
=1- F(-B'X) &40
where

P, (kk +1)

B% = By + By oS+ B TR (K) + B WP, ( k+) + 3, DCT(Q) (5102

In this case, under the logit mode assumptions
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exppx) 1 (5.103)

F(- B'x) = L ,
P (- px)  Trem(px)
hence,
PAs (ATTR, (k,k+1),DCT(q)) =1- F(- B'xi):M (5.104)
1+exp(Bx)

In this case, a closad form for (5.104) is avalable. The estimation of the coefficients and
the corresponding tests of dgnificance (to be evauated numericdly in Chapter 7) are
detailed in gppendix 5.

An important issue is how to collect the necessary data from the red operation of
trangt vehicles, or in this case, through sSmulation, in order to edimae the 3
coefficients properly.

Notice that from the system operation, dl independent variables in (5.102) are
measurable @ any decison time. Therefore, every time a new pick-up request enters the
sysem (and therefore, every time the dispatching module has to teke an assgnment
decison), it is possble to observe the insation decison and collect the corresponding
data necessary to estimate mode (5.101)-(5.104). In addition, some extra data can be
measured for updating system indicators, such as, the expected pool sze E[PS] per
pick-up stop, the expected waiting time a stop locations, the expected vaue and the
variance of the length of internd trips, etc.

For ingance, suppose there are four vehicles moving around as in Figure 5.20.
Suddenly, when dl vehicles are in the pogtion indicated by the green squares aready

assigned to serve the scheduled routes showed in the figure, a new cdl q is received
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asking for immediate service (with destination a spot g, ). Then, the dispatching module

decides that the best insertion is the indicated in the figure, dong the route of vehicle 1.

Va

Figure5.21 Example of vehicle-segment-customer assignment decision

For the dispatching module to take this kind of assgnment decision, he(she) is required
to have information about the state of the sysem a that time in order to evduate the
incremental cost of each insation according to the modding framework described in
Chapter 4.

At this point, the sysem will record the data corresponding to this assgnment in

the following formet:
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Table5.1 Example of vehicle-segment-customer assgnment data for model

calibration
Ve(';‘;)c'e P (kk+l) | TR(K |WSP(kk+D) | DCT(q) y
1 | s0D) | TRO | Ws(0) | DL©g | O
1 | ®w2 | RO | wwe2 | bLag | o
1 | ®23 | RE | W@y | brea | 1
2 *,0) | TR©O | ws0) | Dt,0,9 | o0
2 | ®02 | RO | weed | bLag | o
2 P, (2.3) TR,(2) WP, (2,3 Dt,(2,q) 0
2 F,(3,4) TR, (3 WS, (3,4) Dt,(3,q) 0
3 *,(0D TR, (0) W3R, (0,9) Dt,(0,q) 0
3 F,L2) TR, (D WS, (1,2) Dt,(1,0) 0
4 w0y | TRO | ws©) | D09 | o
4 P, (12 TR, WP, (1,2) Dt,(Lq) 0
4 *023 | T]R@ | w23 | bt,2q | o

Dt,(k,q) = E[tCL, (k)] - EZt(q) is obtaned from the sysem data, depending on the

time of the new cdl and on the expected arrivd time to each vehicle-stop.

The number of vdid observations will depend on the limits assgned to the
segment  catchment area associated to each route segment. In the example above, the
shaded rows seem to be the reasonable observations to be added to the sample for
cdibraing (5.104).

With enough data, the modder could decide to update the mode of equation
(5.104) if the real measured travel times do not match the expected segment travel times

according to the methodology developed in this chapter.
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5.7 Final remarks

The objective of this chapter is to formulate in detall a novel methodology proposed in
the context of this dissertation, in order to correctly compute the expected vehicle travel
time when solving a dynamic and stochastic pick-up and delivery problem. The problem
is dynamic dnce the cusomers entering the system are not known in advance, and
therefore the system is alowed to dynamicaly adept its components due to changes in
demand patterns, and it is dso stochadtic because of the random nature (in time and
space) of the demand generation process.

After devdoping the methodology summarized in Chapters 4 and 5 to treet this
kind of assgnment problems there ae some find comments with regad to the

limitations and features of the previous formulations to be addressed in this section:

The expected vehicle travel time will manly depend upon the expected number of
insartions about to happen on a predefined vehicle route. After andyzing the
mahematical treatment given to this approach, it is agpparent that the expected
number of insertions on a predefined segment of a vehicle route depends not only on
the candidate insertion segment length, but dso on how far is the segment from the
current pogtion of the vehide. This is because of the naure of the in-advance
scenario where the insertions can occur on a portion of the vehicle route not reached
a the time the digpatching module take the decison of reassgnment. This
dependence incorporated into the cost modes in Chapter 4 is not very evident
without understanding the role of both insertion scenarios as part of the reassgnment

process — dready described throughout this chapter.
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The condraints applied to the system operations could strongly influence the results
obtained after gpplying this gpproach, not only through modd cdibration-esimation
but dso due to the condraints on the maximum number of reassgnment alowed.
These numericd limits ensure dability of vehide resssgnments avoid infinite
deferment and alow the modeer to control the system based on the results of the
operation and previous experience (historica data, previous knowledge, etc.)

Adapting these formulations to the HCPPT system proposed in Chapters 3 and 4 is
draghtforward and it does not require modification of the formulation and
agorithms proposed here. The only difference is the addition of the last segment of
the reroutable portion of vehicle routes (connecting this portion with the non
reroutable or express corridor towards the adjacent hub), which can be treated as a
norma segment conddering the assumptions and modding detalls addressed in

Chapter 4.
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6 SIMULATION OF HCPPT IN URBAN TRANSPORTATION

NETWORKS

6.1 Introduction

The mgor topic of this chepter is the devdopment of a multiple-class smulation
platform as a way to evauae the HCPPT sysem sarving red trandt demand under
redigic network traffic conditions. Simulating the red-time routing schemes and the
digpatching rules based on red-time stochastic control described in Chapters 4 and 5
requires modding the network congesion dynamics and thus modding of redigic
treffic deals is necessary. Needless to say, none of the exiging smulation software
dlows smulation of such a sysem. In fact, even the smulation of something very basic
as a dregtcar sysem or a pardrangt service is not an option in most existing smulation
software packages. A cursory study itsef would reved that smulation of any vehicle
class other than personal autos is adways developed as an afterthought. In most cases the
smulation developers have done only a superficid addition of trandt smulaion on top
of detailled smulation of autos and control mechanisms on freeways and arterids.

However, there are consderable new developments teking place in urban
transportation networks, where red-time routing is being increesngly used for severd
fleets - both trandt and commercia - due to the advent of wireess and GPS technology.
On the other hand, there are no modeling tools available for studying dispatching rules
or routing policiesdternaives for red-time routing for new trangt schemes such as

ADART (Did, 1995) and HCPPT, or for the case of emergency services. Newer but
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more conventiond ideas such as Bus Rapid Trandt (BRT) are dso receving atention
thanks to some large-scde initiatives from FTA.  Again, methods to research their
performance characterisics are scant, though some researchers have attempted to use
smulation for these purposes.

There are reasons why smulation could become a useful (and perhaps the only)
option to sudy many of such sysems. Fird, the systems do interact with auto traffic and
influence the network performance, or are a least influenced by it.  On shared right of
way with auto traffic, buses, streetcars or LRT can influence the supply characteridtics at
leest in the heavier trangt corridors. Control schemes such as trandt preemption or
sgnd preemption by emergency vehicles affect the network conditions. In al cases of
shared right of way, the auto traffic (with the wel known non-linear congestion
characteridics they collectively produce) influences the movement of these other classes
of vehices. Such interactions are difficult to modd with abstract mathematica models
other than in amplisic academic contexts, and smulation may be the only option. On
the performance sde, even the traditiond capecity andyss schemes may use smulation
schemesin the future,

There are ds0 expectations that microasmulations would be the way of the future,
which is perhgos more due to ther flexibility and detall-oriented design. This makes it
easer for developers to a least clam to have incorporated capabilities (albeit often with
insufficent indghts or care and without wdl-tested fundamental modds) to smulae
various aspects of urban transportation networks that practitioners and researchers would

like to study.
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The above discusson points to the need for a careful look a modeling of urban
networks in completeness, properly accounting for various vehicle classes and modd
detalls. It is true that there cannot be any mode that can smulae everything in an
urban network; however the dtate-of-the art needs to improve sgnificantly. This chepter
summearizes the contribution made in this direction in the context of this dissertation.

In effect, the work in this chapter develops a genera purpose simulaion
framework for microscopic Smulation of multiple cdasses of vehides, with particular
atention to fleets. The modd developed can be used for purposes other than for HCPPT
amulation, induding police fleets, ambulance flegts etc. Such sysems incdude vehicles
that trave from origins and dedinations determined "on the fly" during the smulation
and thus the traditiond sSmulators have serious deficiencies in ther modding. The
primary problem is in the prevaent method of viewing the vehicles to be traveling from
origin zones to dedtination zones, a hidtorica legacy from the transportation planning
paradigms, with serious limitations in red-time dynamic contexts for nonauto fleets.
The framework and approaches developed here are expected to lead to considerable
other developments in microscopic fleet smulationsin the future.

The chapter begins with a background section that focuses on broad
classfications and some of the existing smulation gpproaches, and proceeds to suggest
possble modding schemes. Next, in Sections 6.3 to 6.6, the discusson is focused in
showing the needs and requirements of comprehensve multiple-dlass smulations and in
pointing out the complexities in the modeing. In Section 6.7, the deails of such a

smulaion scheme applied to the HCPPT system are addressed and explained at length.
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6.2 Classification of ssimulation types

Simulation models can be categorized according to the nature of the system that they are
trying to represent, and some of these concepts have been wdl-known in the generd
sysems smulation area for decades. A discrete system is one in which the date of the
sysem changes a discrete points in time. One can think of car arivas a a certan point,
occurring a diginct points of time, as events. Between two consecutive items nothing
happens, that is, the state of the sysem remains unchanged. When the number of these
events is finite, the Imulaion is known as discrete event Smulation A continuous
amuldion is one where the date of the sysem changes continuoudy over time. Water
level in a dam may be thought of as a system where it changes continuoudy over time
according to some known differentia equations describing its dtate. Note that a discrete
event smulation could be used as an gpproximaion to continuous time sSmulaion in
many cases. Mogt systems in the red world are both discrete and continuous but usualy
one predominates over the other (Law and Kedton, 2000). Traditiona traffic flow
descriptions have been based on continuous speed and distance varidbles. As far as the
persond auto traffic is concerned, continuous smulation is the only posshility, as the
sysem peformance (in terms of speeds, flow, and dendty) is the result of continuous
interactions between vehicles. In other words, a continuous smulation for persond auto
traffic becomes a requirement, as it is a "collective’ sysem with continuous response.
On the other hand, the smulation of control hardware operations (Sgnas) as wdl as
some of the fixed schedule trangt systems has been done using event-based smulation

In recent years, object-oriented or agent based smulations have been proposed to

be useful in depicting traffic movement. Traffic can be viewed as a complex system
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composed of vaious entities interacting with each other. Through agent-based
amuldions, relatively complex globa phenomena can be expressed as a sum of smdl,
locdized interactions among the agents in the sysem. The main entities in the traffic
network ae road segments, vehicles traffic Sgnds etc., which can be modded as
agents. These agents have the ahility to perceive the changes in their environment. Based
upon this perception, an agent can modify its behavior to achieve a certain god. For
indance, a vehicle on the road can sense its neighboring vehicles and can change its
speed or accderation, which is andogous to “behavior”. Thus, this car-agent behaves as
a red-life driver who wants to reach his dedtination while ataining certain gods. An
example of one such god might be to reach the destination in the shortest time possble
without violating any speed limits. An advantage of such an environment is that it lends
itsdf naturdly to didributed computing. Since each agent is in full control of itsdf, the
whole smulation can be divided into individud pieces in an intuitive fashion, which can
then be smulated by different processors. It must be noted that some of the recent
literature on "agent based dmulaions' in traffic is only referring to the object-oriented
design of the software, and the fundamenta interactions Smulated are not exactly true to
the definition of agent interactions. Admittedly, the definitions in the literaiure are not

rigid, however.

Classification of Smulation based on modeling the per sonal autos:

Smulation modes can be caegorized according to the level of detal a which
automobile traffic is represented.  This is essantidly a classfication based on the

modeling of one of the classes of vehides of interes to us, however it is dgnificant
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because it is the dominant class of vehices in most urban contexts.  Furthermore, this
classfication is one that will concevably influence the deveopment of more
comprehensve smulaion environments in the future. The categories ae wdl known
and the literature on auto-traffic Smulation modds is vast. A brief overview is provided
for completeness.

Macroscopic smulaion models ded with a group of vehicles rather than tresting
vehicles a the individud levd. Generd flow rdationships, applicable to fluids, can be
goplied in these modds to arive a the condition of traffic a any given time. This levd
of aggregation can be usudly found in datic planning modds of typicdly large aress.
Being ddic, these models do not respond to changes in traffic conditions over a short
period of time and hence, are farly limited in their application. Many of the wel known
macroscopic  gpplications were developed in the late 1960's or the ealy 1970's.
Examples of such modds indude TRANSYT, FREQ, FREFLO, META, SIMAUT and
severa specia- purpose research Smulation programs.

A dightly higher levd of representation is provided in mesoscopic Smulation
models. These modds are able to handle smdl changes in the traffic petterns over a
short period of time, which can be of the order of a few seconds. The leved of detall in
these dmulaions may change over time depending on traffic  conditions
DYNASMART, which uses a scheme based on macroscopic traffic flow reations but
with individud vehicle tracking, is sometimes added in this category. Other examples
include SIMNET, SATURN, PREDICT, CONTRAM and PACSIM.

The highest level of traffic detal is provided by microscopic smulation modes

which dmulate the time-space trgectory of each individud vehide by agoplying modds
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of car-following and lane-changing. They are more accurate than macroscopic models in
esdimating delays, queue lengths and other associated traffic characteridtics, but often
auffer from the deficiencies of the underlying microscopic models which may not have
been wedl-caibraied. Representative examples in this category include AIMSUNZ,

PARAMICS, CORSIM, TRANSIMS, MITSIM and VISSIM.

Emer gence of microscopic simulation as a viable practitioner option

The ddals in microscopic modds yied the flexibility to add many more modding
contexts and options than macro and mesoscopic models, as wel as show much more
detailled graphical and animated disolays. This makes it easer for them to be "sold" to
the practitioners, despite the limitations of the fundamentd equations therein, many of
which may be rudimentary a this time (but could conceivably improve in the future if
the models become popular). With some of the microscopic modds having been
developed commercidly and marketed more aggressvely than the modds of the padt, it
isour opinion that microscopic Smulation isindeed here to Say.

There is indeed a perceptible change in the practitioners and researchers view of
microscopic smulation in recent years, brought about partly by the vastly improved
computationd cgpabilities and, aong with it, the devdopment of a few daborate
commercid microscopic dmulation software. . Microscopic Smulation is now  being
conddered as a potentidly viable option for andyzing traffic networks in the near future.
In addition to the andyss of red-time operaiond policies in urban transportation
systems, microscopic Smulation is consdered a posshility even for planning purposes

where gatic (assgnment-based) models have been the primary method for decades.
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6.3 Capabilities of current microscopic smulatorsin modeling non-
auto traffic

The differences between microsmulation modeds exiding in the market have been
broadly studied in severa research projects, such & Smartest (2000), Choa et al. (2002)
and Bloomberg and Dd e (2000) and their gpplications have been tested in many studies.

However, work involving these microamulation packages has dways been
rlaed to generd treffic; very few gudies in the literature ded with the smulation of
trangt and other specid vehicle fleets. In addition, the objective of introducing the
amulaion of trandt in a network has adways been to evauae the automobile
performances taking into account the private user (car-owner) dtandpoint, thus focusing
on the effect of trangt on auto traffic. In very few cases has the smulaion of trangt
been a tool to sudy and andyze the performance of the trandt system itsdf from the
point of view of the trandt operator. Not many studies have been performed where the
objective has been to smulate trangt as an end in itsdf. In the following discusson, we
use the word "traffic" to refer to the auto traffic.

Some of the traffic smulation software packages in the market nowadays are
able to damulate fixed route trangt systems quite accuraely. In order to modd such a
fixed-route vehicle class, users have to follow the following steps, largely independent
of the software they use. The routes for the sysem have to be predetermined, then
locations of the stops need to be fixed and, findly, the frequencies of the service for al
the routes have to be input. The packages such as PARAMICS and VISSIM have many
vehicle types, dlowing usars to choose a different type for trandgt vehides. The

packages do not necessxily include aufficient details to mode the operationd
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characterigics of any type of vehicles, such as say a people mover system or a streetcar
system that shares the right of way with auto traffic.

Smulation packages vary in ther ability to smulate transt. For indance, most
avaladble smulators have a fixed time for stoppage. However, in VISSIM, the duration
of wat a a given sop for a trangt vehicle can dso be specified as a function of the
demand a that place, namey the number of people waiting to take the bus in this
location. Only VISSIM dlows vehicles to stop/stage on the left-hand side of the road.
Sgnd preemption schemes for trandt vehicles are very difficult to modd properly in the
exiging dmulators primarily. Signd preemption for emergency vehides is generdly
impossible to modd in the packages because there is no smulation of a specid class of
nonauto vehicles without fixed routes. The avalable dmulation packages are not
flexible enough to smulate a red-time routed trangt sysems without any externd

subroutines like Application Programming Interfaces (API’S).

6.4 Special Techniquesto simulate Transit Systems

Some researchers have invented gpproximate techniques to overcome the deficiencies of
commercid packages in dmulaing red trangt sysems, in effect "tricking" the package
to do trangt smulation.

For the smulation of LRT (Light Rall Trangt) in Venglar (1995) usng NETSIM,
the network had to be modified in order to have fewer nodes and different configurations
regarding the preferences in the intersections. For smulaing a BRT (Bus Rapid Trangt)
in Inga (2001) usng VISSIM, the corridor had to be divided into shorter sections in

order to modd the center-rumning guided busway on an arterid dreet. A different

264



vehicle type was coded for the buses as well. Another example of a BRT smulation
usng VISSIM is in Multisysems Inc. (2000). The network was coded smilar to the
preceding case, and additional signas were coded to hold vehicles a some pre-specified
locations in the network and maintain a constant headway. The control hed a bus in a
location if its headway to the bus ahead of it was less than the minimum time desred.
Ancther interesing example is a gmulation of the dregtcar system usng PARAMICS
for the city of Toronto (Abdulhai et al., 2002). Tracks were coded on top of the existing
network, and stops were coded as additiond nodes with virtua traffic lights affecting
only dreetcars. The traffic was trgpped behind the streetcars during the red phase of the
traffic light. In this case, the duration of the stop of the Strestcar was a function of the
demand. Note that in al the above cases the location of the stops has to be pre-specified.
It is not clear how to Smulate a syssem with uncertain demand occurring & any random
point in the network. The sruggle by the researchers and practitioners to attempt to
amulate anything other than an auto traffic system is sufficent cause for a careful look
into the requirements for comprenensve microscopic Smulation environments to be

developed for the future.

6.5 Network hierarchy and network size issues

The primary difficulty with many microscopic smulaiion modes is thar ingbility to
handle path dynamics in large networks. For example, PARAMICS dlows vehicle
routing according to routing tables and feedback capturing information supply, but does
not dlow dorage of sufficient path trees and dorage of individud vehicle's routes

which are essential requirements for the amulaion of route choice. The difficulty arises
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from the detailed network descriptions used in such microscopic Smulation models. The
node and link representations for microscopic smulations are often such that any point
on a phydcd link with a change in geometry or other characteridtics results in an extra
node in the representation.

The need to properly modd the dreet and lane infrastructure in microscopic
models results in an order of magnitude more nodes and links than reeded to modd the
path dynamics, which requires only the network comprisng the true decison nodes
These are the nodes that are of dgnificance in for example, the trangt driver's route
decison or the route decison taken by a centra dispaicher in order to optimize the
operation of a sarvice fleet. Microscopic models such as PARAMICS have the
scdability to permit vehide smulation of large networks, but if detaled service
response modeling and path processing are to be incorporated, such models @n only be
used to smulate smdl to medium-sized urban aress. This is because many network path
processng dgorithms show nonlinear increese in dorage and  computationa
requirements as network Sze increases, as opposed to the auto traffic Smulation
algorithms that can be intuitively seen to operate on locd varigbles and thus show
linearly increasing computationd requirements.

Thus, if we congder large networks where a microscopic Smulation data sets
would includes severd tens of thousand nodes, the storage of individua paths of each
trangt vehicle with such networks require prohibitive random access memory (RAM).
This is true even with modern computers and thus microscopic modes developed for
such purposes will judifigbly have limitations in path processng. It is logicd to see

that traffic flow modeing requires only loca information and can be very scdable That
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is, larger networks can be modeed with carefully developed digtributed processing
schemes that dlocate the modding of portions of the network to different processors.
On the other hand, modding changes in path-related characteristics such as travel times,
and path-rdaed decisons by trangt managers, requires information from possbly dl
parts, the paths going across sub-areas.  Thus microscopic models which were developed
with initid focus on auto traffic amulation in rdaivdy smdler regions would need to
be augmented with schemes to handle them at a different level of network abgtraction, as
discussed further below.

A previous work by Oh et al. (2000) developed a hybrid smulation approach,
integrating the PARAMICS microscopic dmulation with the routing and behavior
reponse smulation schemes as in DYNASMART (Jayakrishnan et al., 1994), so that
the integrated smulator could evaluate information/routing schemes with route choice
behavior models. This gpproach was based on integrating networks of two different
levels of abdraction and communication of vehicle postions between the detaled
network (as in PARAMICS) b the more abstract network (as in DYNASMART). The
vehicle route decisons processed at abstract network are then transmitted to the detailed
network smulation that controls vehicle movement a the microscopic levd. The
integrated Smulation progran dlowed them redigic evduation of a vaiety of
technologiesin advanced traffic management and information sysems (ATMIS).

The scheme proposed in the context of this paper is based on some ideas
developed in Oh et al. (2000), but oriented to a different kind of approach for
communication, integration and routing. It is possble to study the detailed operation of

a gengd trangt or commercid flest system, where dl the pah-based decisons,
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treetment of passengers and routing of trangt vehicles are mede at an abstract leve,
while dl traffic operations are controlled by the microscopic smulaor. Thus, the vehicle
route decisons processed a abstract network are then transmitted to the detalled
network simulation that controls vehicle movement a the microscopic levd.

Hence, one of the key aspects of our gpproach is the data communication from
the micro-levd to the abdract levd and vice versa. The idea is to creste a smplified
network to be used a the abstract leve, but consstent with the origind network coded
for running the microscopic modd. In addition, this process may require the condruction
of a lookup table (“communication interface’) for passng information between the two
networks, such as level of sarvice and detaled information of individud vehide
positions, speeds, route decisions, €etc.

The equivdent absract network (henceforth ABSNET) is made teking into
account the following possble smplification. In terms of link characteristics, a rdatively
sample progran can aggregate across those microscopic links, whose end nodes
represent only a change in geometry or capacity. Note that this includes dl nodes except
for the red decison nodes such as intersections or interchanges. Caculation of link cost
in the abdract network is consgent with the microscopic model link cost caculation,
which includes link costs themsdaves, and turn movement cods. Look-up tables identify
the origind links that corresponds to the abstract network links and to aggregate travel
times on them.

In Figures 6.1 to 6.3, a representation of a smal network coded in PARAMICS,

aong with arepresentation of the corresponding ABSNET associated are shown.
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In the case of damulaing trandt systems running on a subset of the whole area
network (such & a fixed route system), the ABSNET will be a representation of just that
ub-net (the rest is not needed at the absiract level). Moreover, for fixed route trandt
and flest sysems, where the route remans fixed, it is not necessxy to transfer
informetion related to link and turn movement costs, since there are no decisons taken
according to the leved of congestion of the network a any time. This is in contrast to
gmulding taxi, “did-a-ridg’ or combined sysems where the driver or the centrd
digpatcher could choose the shortest path to get to his next stop, depending upon network
traffic conditions. In this case, however, it is important to communicate vehicle-related
information between both levels of abdtraction, say the vehicle postions and the stop-
time required by every vehicle when it reachesiits predefined bus stops.

In the next section, a detailled description of a hybrid scheme to smulate a
generd trangt or service sysem udng detaled traffic amulation from a last generation

microscopic Smulation mode is provided.
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Figure6.1 PARAMICS sample network
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Figure6.2

Figure6.3  Corresponding ABSNET network

The generd approach requires the microscopic model to have some modern software
capabilities in tems of the devdopment of functiond inteface or applicaion

programming interface (API), dlowing additiond functiondity by adding more externd
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modeling routines. Many of the exiding smulation software do dlow such APIs, which
may aso be caled plugins, as the developers are aware of the need for it for anything

but the ampligtic auto traffic smulation in redigtic urban networks.

6.6 A general purpose scheme for ssmulation of multiple classes of
vehicles and services

The modding scheme suggested is for amulaing any kind of flexible red-time routed
savice In this sense, it will be possble to modd optima routing dgorithms which may
be based on the individud vehicleés podtion, passenger cdls, and red-time traffic
conditions, in case of dudying “rerouteble systems’, such as typicd paratrangt, “did-a
ride’ or more complex desgns such as HCPPT. In addition, the most generd “pick-up
and ddivery” commercid fleet contexts could be modded under red time traffic
conditions, incorporating any kind of decison rule to assgn vehicles to serve customers
optimaly. Note that fixed route sysems are essentidly a redtricted subset of flexible-
route systems or red-time routed systems.

The premise is tha once the routing modules are separately coded in the
samulation environment through the AP, they can be easly modified to amulate various
desgns of fixed route sysems, feeder short-haul services, etc. Customer demand
generation and performance measures are aso embedded into the smulation framework.

The new capabilities need to include the detailed modeling of vehicle operations a stop
or pasenger pick-up and deivery locations, red-time traffic network conditions

impacting vehicle travel times and user waiting times at pick-up locations.
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In Figure 6.4 a scheme is shown to represent the proposed framework for
samulating/evauating agenerd commercid fleet service.

Generd, meaning, dl modules composing the integrated system can be adapted
to dmulate mogt trandt and commercia services avalable nowadays. The next section
provides examples of gpplication of such a scheme to the modding of various multiple-
class vehicle/service systems.

Fra of dl, in the figure it is possble to visudize the two levels of aggregation.
On the right side of the chart, we have dl the procedures (modules) corresponding to the
aggregated levd, including the implementation of any sort of routing/scheduling rule
and the customer behaviord modes. Note that we use the term "aggregated levd” only
under an assumption that the network on which the trangt or fleet sysem's routing and
other details are smulated would be a smaler verson of the detailed microscopic auto
traffic amulation network, generdly with only "decison nodes', as mentioned above. It
would be entirely appropriate to cal this network "trangt/fleet routing network™.

Next three important issues regarding the proposed scheme are described: the
objects (fundamental data structures), the important events that trigger some action a the
aggregated leve, and the routing/scheduling rules and interrdlation modules within the

APl

Fundamental data structures

The basc APl frame is composed by the fundamental data structures that can be either
objects or agents, depending upon the kind of sysem to be smulated. These are the

“fleet”, the “customer (user)” and the “network” data structures.
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Figure6.4
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The “network” data dructure keeps the information contained into the ABSNET
(smplified network) and the way in which the information is kept within it, will depend
on the kind of agorithm to be run in the “Routing and Scheduling” module, requiring
any atribute of the network a any time (i.e. link and turn movement cost). For example,
one could need a different data structure for running efficiently a shortest path agorithm,
or a TSP-based routine for vehicle digpatching.

The “network” data dructure reads information from the “network conditions
update’ routine, which is fed directly off the detaled microscopic network conditions
via the “communication interface’” module that trandates every network datribute from
one level of aggregation to the other. The interface includes thee necessary Callback
functions as defined in the microscopic Smulation softwares features). Normdly, the
network conditions used in the context of our scheme are the link travel time and turn
movement cost (intersection delay).

The “custome” data dructure can keep dl the information obtained from a
demand table, which can be either known h advance or generated in Smulation time. It
is important to dore the atributes, specid requirements and generd features of the
cusomers of the sysem. All information obtaned from the smulaion concerning the
performance measures associated with the customer (say average ride and waiting time,
which can be at the pick-up spot or in a bus stop, etc.) need to be stored, as these would
be needed in any customer decision process modeling.

Findly, the “flet” data dStructure becomes the centrd object of the system,
keeping the details and behavior of dl trandt vehicles a the aggregated level. For each

vehicle in the trangt or fleet system that we keep track of in the ABSNET we have a
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correponding actua vehicle moving around in the microscopic smulaion modd. The
correspondence between vehicles needs to be handled through a look up table (or a hashr
table, depending on the microscopic Smulaion modd's vehide naming/numbering
method). In this data dructure, we will dore the vehicle paths and stops at the
aggregated level in order to control the movement of such vehicles a the microscopic
level. These paths can be either fixed or varidble, depending on the system, routing rules,
efc. In addition, this data structure keeps dl trangt vehicles features and they are
connected to a module that stores the datistics of the performance of the system from a
vehicle (manager) dandpoint. In al figures heredfter, dotted lines pointing to data
structure boxes represent al those procedures that update the information contained in

the respective data structure.

Simulation eventsin the API

In the background section, the difference between continuous and discrete smulation
was pointed out. The way in which microscopic traffic movement is amulated is by
discretizing the continuous operation of vehicles on the network over time, usng a fixed
time gepDt . On the other hand, the nature of commerciad fleet operations makes the
use of a discrete event smulation gpproach more atractive. The key factors that trigger
a change on the evolution of the system a certain moment are basicdly discrete events
(see for example, the feashility sudy approach used in Chepter 3, for smulating
oatidly a high-coverage point to point trandgt sysem under smplified conditions). In
this case, the smulation tools utilized are those provided by the microscopic modd itsdlf

(defining both, the smuldion time-step D+t and the update or feedback time-step Dt)
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adong with the embedded nature of a discrete event smulation for cdling the APl's

procedures.

In the scheme of Figure 6.4 two discrete events are identified, which generates an

action peformed by some of the externd routines. “Service request” and when a

“Trangdt vehicle reachesastop”.

Service request: Every time a customer asks for sarvice, the central dispatcher has to

take a decigon of routing and scheduling, changing the conditions of the system.
Bascdly, the generd “Routing and Scheduling Rules’ are called in order to decide
which trangt vehicle has to serve the new customer, and in which postion of the
specific vehide route, among dl previoudy scheduled stops. Once this decison is
made, the vehicdles path is modified in order to insat the new request into the
origind vehicleés route, changing the predefined vehicde path a the aggregated
level. This event happens a absolute time s, measured from the beginning of the

gmulation time t,. The new vehicl€s route is communicated to the microscopic

modd via the “communication interface’ after the execution of the time-step at

which s belongs to. Then, the new route is introduced into the microscopic leve.

Trangt vehicle reaches a stop: Every time a vehicle reaches a stop location a transfer

operation happens (whether passengers boarding to or dighting from buses, or a
certain load is picked up or dispatched at a certain location, etc.). At this moment,
sy time t, the physicd interchange takes place (“pax-vehide transfer” box),
modifying both the “customer” and “fleet” databases. The former is need as there are

changes in the datus of the customer a t. The latter is needed because when a
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vehicle reaches a stop location, its load and status change. The details of the stop
event operation depend on the type of operation, number of entities transferred,
conditions of the trander, physcd place of the stop, etc. After congdering dl these
stop features, the stop time and exact location of it are then transferred to the detailed
microscopic network in the same way as before. At the microscopic level, some
Control function written in the APl software have to be modified in order to make
the stop as redidic as posshle, most of them associated to lane changing and car

following procedures.

In the next sub-section, the role played by the “Scheduling and Routing Rules’ is

described in the context of the design of such an AP, the importance of this module

under different schemes and its interrd ation with other modu es and data structures.

Routines for routing and scheduling

The box containing the Scheduling and Routing Rules cannot be explicitly defined for
the genera case. Every paticular sysem is commanded by a different sat of rules,
however, there are some common characteristics regarding this issue that can be broadly
discussed here. A more detailed definition of this topic is presented in the next section
for the HCPPT case.  The discussion is largdy about trangt systems, but replacing the
word "passengers’ with "packages’ would yield indghts into a package pick-up-and-
delivery sysem aswdll.

As we show in Figure 64, this procedure is caled every time a new sarvice

request enters the system. The man objective of this procedure is to decide the
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customer-vehide assgnment following any generd objective function to be optimized
(see Chapter 4 for detalls).

In some cases, as in sarvice of fixed route, the rules are oriented only towards the
assignment of passengers to the right vehicle, once the vehicle arives to a termind or
bus stop, depending on the didribution of the demand, and customer fegtures. In case of
red-time routed services, on the other hand, where vehicles can change routes
dynamicaly, the objective concerns both passengers and vehicles And, for mixed
savices, combining long-haul corridors fed off “reroutable” services operating on
surface dreet aress, routing rules will apply to some vehicles but not for others under
fixed route operation. The interchange of passengers occurring at termind or hub
locations will define the limit between one kind of operation and the other (see Section
6.7.8 for implementation and operationd details).

The other important issue to be consdered in these procedures is more related to
the nature of the demand: whether it is a sysem with uncertain demand generated in
red-time or it is a sysem where the demand is known in advance. In the firs case,
depending on the scheduling rule used, the vehide-passenger assgnment does not
necessarily have to end up as a transfer. The reason is that the optimization is made in
red time and the assgnment decisons could change over time before the transfer itsdf.
That is why the “passenger-vehicle assgnment” routine does not mean an update in the
“customer” data structure éttributes. In case of demand known in advance, the
optimization would most probably take place a the beginning, and the resulting routes

will remain invariant over the whole smulation period.
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With regard to the initidization of the system, one needs to st the initid vehicle
routes (which will not change in case of fixed-route services), read the vehicle lookup
table, the ABSNET and the demand table as well. All this information has to be input as
apart of the API-satup function.

In the next section, the detals of the smulaion plataform for the HCPPT case
are decribed. The corresponding routing rules and procedures in coding/implementation

of such asystem are highlighted and discussed in detall

6.7 Application of the proposed simulation scheme to incorporate

HCPPT

6.7.1 General considerations

The objective of this section is to show the detalls of the implementation of the discussed
amulation scheme for the HCPPT system case. The data structures introduced in 6.5.1
remans the same, however the events and the interactions among the plaiform pieces are
somewhat different.
The interactions shown in Figure 6.4 are more complex for the combined as illugrated in
Figure 6.5. Figure 6.5, though seemingly more complicated, is ill a representation of
the generd schemeilludtrated in Figure 6.4.

The same data Structures are kept for al objects, however the interrdation among
entities is more complex due to the addition of two vehicle states corresponding to its

presence on either the fixed portion or the reroutable portion of the trip.
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In terms of events, one additiond event is added, forcing an action a the abstract leve,
which is when vehicle enters the trunk portion of its route. At this time, the modder sets
the path as fixed, and sends that information to the microscopic smulator. The procedure
“vehicle reaches stop” is further subdivided into two different cases. whether the stop is
acustomer location or a hub (termind).

The interesting case is when the stop is a hub. At tat point, the vehicle peforms
deliveries and pick-ups. However, in this case the passengers who are deivered there
may not necessarily leave the system because the current hub may not be ther find
degtination. In generd, they are transferred to a different vehicle depending upon factors
such as the gze of the queue, the frequency of service, etc. Tha is why the “distribution
of customers at hubs forming queues’ procedure is depicted by a closed-feedback loop
linking dedliveries to pick-ups (the detalls of the operation schemes were presented in
Chapter 4). The detail hub operation coding is presented later in Section 6.7.8.

In the figure, and according to the rules described in previous chepters, it was
added the function within the “routing and scheduling rules’ routine that computes the
initidl TSP route of a vehicde entering the rerouteble portion of its journey for
digtributing al passengers picked up a the hub stop. The resulting route is conveyed to
the microscopic smulaion modd through the “communication inteface” module. All
other procedures remain unchanged.

In the next subsection, the implementation of the most important routines of

Figure 6.5, usng the AP functiondities of PARAMICS is described.
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6.7.2 Communication interface

As mentioned in Section 6.5, the main idea of this interface is to convert the complex
network details in PARAMICS into a smplified and aggregated abstract network called
ABSNET, which only represents links needed to handle path-related decisons. In a
sysem like HCPPT vehicle decisons are heavily based on the current information about
link cogts, postion of vehicles, location of demand, to name just a few. Therefore, it
becomes essentiadl to devdlop an efficient data communication library composed of
severad subroutines that rday this information to-and-fro between the operator (decisiorn+
maker) and vehicles (PARAMICS objects). This data communication library can be

categorized into three fundamenta modules.

L ookup module

This module represents the backbone of the data communication library. This is where
information gathered from the aggregation of PARAMICS network is firs sored into
data structures corresponding to the network, links, nodes and zones. Also, this module
contains dl the correspondence between ABSNET and PARAMICS nodes and links,
which would become ussful in cogt-finding and postionfinding modules. Following are
the mgor functionsin this module:

Reading nodes and zones datas PARAMICS and ABSNET node names are converted

into integer codes and stored in the network data Structure. Zone information such as

zone number and the corresponding origin node is adso read and filled into the

network data structure.
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Reading link dataa ABSNET link information is read into a forwad da daa
dructure. This data dructure stores the origin and dedtination nodes of the multiple
PARAMICS links that comprise an aggregated ABSNET link.

Node lookup: Given a node ID in PARAMICS, this function returns the
corresponding node ID in ABSNET, and vice versa

ABSNET Ink search: Given an origin and degtination node, this function returns the
ABSNET link ID corresponding to this pair.

PARAMICS link search: Given an origin and destination node, this function returns
apointer to the corresponding PARAMICS link.

Fnding the fird and la PARAMICS links: The operator needs to know when a
vehide tranders from one ABSNET link to other. This can be smply thought of as
trander from the last PARAMICS link of one ABSNET link towards the first
PARAMICS link of another ABSNET link. Given an ABSNET link, these functions
return the first and last PARAMICS links associated with it.

Link correspondence: This function returns the ABSNET link associated with a
given PARAMICS link.

Link length: Given an ABSNET link, this function sums the lengths of dl

PARAMICS links it contains and returns the true aggregated link length.

Cost module

All decisons regarding the routing and scheduling of HCPPT vehicles depend on

knowing the travel cods In the network context, it is much more logical to consider

travel time as a suitable representation of this cog, rather than distance. After a certain
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time period specified by the user (known as feedback period), PARAMICS recaculates
these cogs for dl links HCPPT vehicles are routed according to these costs, which
change over time based on traffic conditions. This module performs two functions that
are described below.
Computing link costs This function takes in an ABSNET link ID and returns the
cog of traverdng that link, by summing the link costs of dl PARAMICS links
associated to it.
Computing turn cogts This function takes in two ABSNET link IDs and computes
the cost of exiting from one link into the other. Note that is one example where it is
necessary to know the firs and last PARAMICS links associated with one
aggregated ABSNET link.

The following PARAMICS Calback functions are needed for running the two
aforementioned modules. “link_cost” returns the cost in seconds associated with a
specific PARAMICS link in its cogt table. This is usudly the free flow travd time from
the link gart line to the link sop line. This does not include any turning pendty or
feedback cogt, and “link_exit_cost” returns the cost in seconds of traveling from the Start
of linkl to the gart of link2 in the cost table, thus this cost includes the cost of the turn at

the end of link1. If feedback routing is used, this vaue represents actud travel times.

Position finding module

The knowledge of the correspondence between ABSNET and PARAMICS network
becomes indispensable here. The passenger demand that is generated in the abdiract

network needs to be represented in the PARAMICS network so that vehicles can
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perform their pick-up and ddivery actions. To fadlitate these actions, the following
functions were coded in this module.
ABSNET link pogtion: Given the locetion (that is link ID and disance from
downgream end) of a point in the detaled PARAMICS network, this function
returns the corresponding location in the abstract network.
PARAMICS link postion: Given the location of a point in the abdract, this function
returns the corresponding location in the PARAMICS network.
Stopping distance: Vehicles have to decderate to stop a any point. The numerica
vaue of this decderation is cdculated by knowing how far the vehicle is from a stop
(i.e., passenger). This function takes in a vehicle pointer and computes the current

distance between the vehicle and the stop.

6.7.3 Generation of parametric demand

At this point, the demand will be generated based on the demand matrix of the
microamulation, assuming a parametric modd split (say, 2, 4, 6, 8 % of the PARAMICS
demand) assgned to the HCPPT system. A more elaborated methodology in order to get
a modd split modeling is mentioned in the conclusions chapter as part of the proposed
further research. A smple demand modd is numericaly tested in Chapter 7 usng this
smulation scheme in order to have an idea of the potentid of the proposed system as a
vidble travel dternative for automobile users.

The demand gereration is as follows. once the passenger demand is generated
into the PARAMICS zones, such passengers are distributed over the physica aggregated

network ABSNET, identifying the specific places where the passenger (or a st of
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passengers in case of adding pooling to the modding) is (are) generated. The passenger
demand is didributed uniformly across al link dretches associated with each
PARAMICS zone, excluding dretches close to sgnaized intersections and a priori
redricted links (such as freeway links or unconnected links). The modder arbitrarily
defines the link dretches that are associated to each PARAMICS zone (based on
distance and gridness condderations). Thus, a one-to-one mapping, trandating links into
coordinate sretches is written. Then, uniform random numbers faling into the dretches
are generated, defining the exact passenger cdl location. The time between cdls is dso
assumed to follow certain distribution (negative exponentid, uniform, etc.).

The group or pool Sze a each stop is computed assuming certain discrete
digribution as explained in the next sub-section. Once the total number of passengers is
findly generated, based on the origind vehicle demand dong with the assumed pooling
distribution, the process is terminated and the cals are set in time and space.

Candidate passenger demand generation regions associated to  specific

PARAMICS zones areillugtrated in Figure 6.6.

Figure6.6  Passenger demand generation example
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6.7.4 Passenger pooling modeling

As mentioned in Chapter 3, vehicle occupancy can be improved encouraging passengers
to wait for the trangt vehicde a a common origin spot. That is wha has been cdled
“passenger pooling drategy”, in which passengers can join a the same dop, for a fare
incentive. This drategy is superior to “car pooling” due to lack of redrictions in
degtinations. This is a relaively more controllable demand pattern, as fare incentives can
be used to encourage passengersto “pool” together at stops.

The question here is how to smulate this kind of operation. In Chapter 3, for the
feashility study, a smple discrete probabilistic approach was assumed. In fact, it was
introduced certain probability of having more than one person waiting to be picked up a
any origin (say, P=1/3). Additiondly, among dl the pooling origins another
probability of having one or two additiona people there (say 0.5 for each case) was
assumed.

In this more detailed smulation scheme, two discrete distributions  were
investigated to modd the phenomena of passengers pooling together a a specific stop: a
binomia and a Poisson digtribution.

For the binomid random variable methodology, let us suppose that n
independent passengers are willing to pool a certain stop. Each one has a probability of
showing up at the stop (say p), and consequentlyl- p of not showing up. If X represents
the number of success (passengers joining a the stop) that occurs in the n trids, then X
can be moddled as a binomia random variable with parameters (n, p) .

The probability mass function of a binomid random variable having parameters

(n, p) isgiven by
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In Fgure 6.7, the cumulaive digribution function F for such a digtribution is plotted

assuming n =3 and p =0.45.
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Figure6.7  Graph of F(X): binomial digtribution

Notice from the figure that the event X = 0has dso a pogtive probability of occurrence

(the case when nobody meets at the stop). In the case of Figure 6.7, the mean is 1.35
with standard deviation of 0.86.

A binomid (n, p) random variddle can be easly smulated by recdling that it can
be expressed as the sum of n independent uniform (0,1) variables, then letting

il ifU;<p
_%0 otherwise

it followsthet X °© é in=1Xi isabinomia random variable with parameters n and p.
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An dternative approach is to assume that X is a Poisson random variable with
parameter A.. In such a casg, for A =15, the cumuldive digribution function is shown
in Figure 6.8. In this case, the mean is 1.5 and the standard deviation is 1.225.

To dmulate a Poisson random varidble with mean A, one has to generate

independent uniform (0,1) random variables U,,U ,,... stopping a

s "
N+1:m'nin:o Ui<e‘k§ (6.2)

| i=1

The random variable N is then Poisson, which can be seen by noting that

s )
N:maxin:O-IogUi<7\,§ (6.3)
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Figure6.8  Graph of F(X): Poisson distribution

But - logU.is exponentid with rate 1, and so - logU,,i 2 1can be interpreted as the
interarrivd times of a Poisson process having rate 1, therefore N = N(A)would equd

the number of events by timeA. . Hence N is Poisson with mean A..
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A more detalled behavior-based methodology for modeling this process is

proposed in Chapter 8 to be investigated in further research.

6.7.5 Vehicle generation, path modeling and routing

In this section, a broad description of vehicle generation and routing issues ae
discussed.

The number and didribution of trangt vehicles will be determined by applying a
sample fleat requirement modd based upon levd and didribution of higtoricd red-time
passenger demand. In Chapter 7 this smple modd is presented and quantified for the
case dudy on the Orange County network. Regarding the generation of this type of
trangt vehicles in the context of the PARAMICS smulation, it must be noted that they
are labdled as a specid cdass of vehicle (tagged vehicles in PARAMICYS). They are dso
generated within the “zone action” function, which is used to determine if an additiond
vehicle of cetain type and traveing towards a specific destination is to be released,
independent of the usud OD marices used in the smulation. When the “zone action
function is cdled, the APl code triggers the rdease of a vehicle by setting the type of the
vehicle to be released. This is done by cdling “zore vehicle type set” with the type
number of the vehicle tha is going to be released. With suitable counters, it is possible
to release the desired number of vehicles properly distributed over the cluster arees.

In addition, the driver aggressveness ad awareness are set at proper values.
Findly, usng “zone vehicle dedination st” function, the dedinaion zone of the
trangt vehicle is input. This vadue is s&t in such a way that the vehide never reaches

such a dedtination zone. Otherwise, it would be killed by PARAMICS in the middle of
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the amulation. By observing the design features and the routing rules assgned to each
tagged vehicle, it is easy to ensure this condition for dl trandt vehicles.

The “routing and scheduling” module of Fgure 6.5 comprises severd vehicle
routing decisons and agorithms described in the previous chepters as well as here.
From dl these optima decisons taken in red-time, a set of paths (one for each vehicle)
represented by a sequence of ABSNET nodes will be generated and updated every time
a vehicle crosses one of such nodes. In fact, a PARAMICS override control function
“vehicle tagged trandfe” dong with the cgpabilities of the communication interface
module, alows the modder to redize actions every time a tagged vehicle trandfers from
one link to another link. Additionaly, a default path (associated with each cdl) and a
trunk path (associated with a pair of adjacent hubs) can be also accessed by the decison
maker in order to route the vehicle according to its current state and assigned task. A
proper data structure is stored to keep track and control tagged vehicles after they have
been generated.

PARAMICS dlows the plugin to control individua vehicles route choice on a
turn by turn bads. This control is provided through the use of the “routing decison’
function, which is enabled through the “routing enable’ function. The
“routing_decision” is cdled for every tagged vehicle. When cdled, the plugin receives a
pointer to the link where the route choice has to be made, and a pointer to the vehicle
that needs to make the route choice decison. The “routing decison” function can then
make the choice of which exit the vehicle will take by returning the exit index of the

desred next link. For al remaning vehices on the network, the “routing_decison”
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function returns O, in which case PARAMICS uses its standard route choice modd and
make its own selection of exit.

A vehicle kegps a two-turn look ahead for its own route choice. This means that
a the point a vehicle is reased it looks to see what turn it should make at the end of its
current link, and then at the end of the following link. Each time a vehide is trandferred
from one link to another, it then updates its look ahead 0 that it dways knows its next
two turns. The way to manage these routing decisons taken ahead of the red vehicle
pogtion is through the generation of virtua vehicles. A virtud vehicle is smply a copy
of the red vehicle created by PARAMICS. Such a vehicle is placed a some future point
(usudly 1 or 2 links ahead) to help determine both future link choice and future lane
choice. Notice that dl routing decisons can be made only from the postion of the
virtua vehicle, since the preceding vehicle route is dready decided in PARAMICS and
cannot be changed. This assumption is quite redigic. The podtion of the vehicle a the
ABSNET leve is updaed every time the “routing _decison” is cdled, and will match
the pogition of the virtua vehicle for dl routing purposes.

The communication interface trandates the decison node (at the ABSNET leve)
into a PARAMICS exit link according to the network trandation mapping dready
described in Section 6.7.2.

The firg time that “routing decison” is cdled for a specific vehide of the set
type, a lookup table member is added to a hash lookup table (passing vehicle pointers
and ID back and forth) in order to add it to the aforementioned data Structure. Here, the

vehideis aso tagged astrangt vehicle.
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6.7.6 Passenger and vehicle data structures special management

Once passengers are generated, they are kept in a data Structure containing al their
festures and datistics. Passengers are initialy stored in a customer liss CUST. Once a
specific group of passengers (pooling a certain stop) is assgned to certain vehicle, they
immediately are moved to the corresponding vehicle member data dructure. They are
added to an assgned passenger list associated to the specific chosen vehicle. They
reman in such a lig until the vehide picks them up. Then, they are slit into individud
members and they are tranderred to the suitable lig in the vehide member data
sructure, whether they are going to be dedlivered insder the same cluster zone or to some
adjacent cluster zone. The former passengers are then added to an internd ddivery ligt
while the latter are moved to a pick-up lig, dl list associated to the specific assgned
vehide

When passengers trandfer a a hub, they are transferred again from the vehicle (in
the corresponding list) to a lig of passengers a the transfer hub. This list could be
organized as a dructure of queues according to the queuing srategy introduced in
Chapter 4, or sored smply in a smple queue if no specid passenger arrangements are
made at hubs.

When the passenger is picked up a a hub, he(she) is added to the vehicle externd
trip lig to be distributed at their find destination. Once the passenger is findly dropped
to higher) find dedination, the cusomer dement is ddeted from the externd trip list

and arecord of the passenger trip is stored in a CUST datistics data structure.
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6.7.7 Network connectivity constraints

At any time dong the smulation period, each vehicle requires information about what
route to follow. If not, it could eventudly reach its PARAMICS find dedtination zone
(which is redly virtud as explaned in the previous section) and disgppear. Moreover,
given the dructure of any amulation network, it could happen that some links belonging
to the network will be connected only to a reduced st of links. In such a case, if for
example a vehicle were assgned to pick-up somebody on that region, it would maybe
not be able to go back to its assigned path.

Consder the portion of anetwork in the example of Figure 6.9.

Figure 6.9  Unconnected network example

All links are one-way links and boxes represent PARAMICS dedtination zones. If a call
is generated for example dong link (na,nb), and the central dispatcher decides to send a
vehicle to pick-up that customer, the vehicle would not be able to return to the network,

even though (na,nb)is not a termina node. Therefore, in order to make the smulation
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run properly, no cal was generated on these unconnected links. For checking that, an al-
pars shortest path dgorithm was run for two cases. from every link to any node and
from any node to any link. Based on the number of connections of each link based on
these two criteria, some of them were discarded for candidate demand generators

according to the methodology introduced in Section 6.7.3.

6.7.8 Handling vehicle stoppage and treatment of terminals

In PARAMICS, and dso in the design of the ABSNET, a stop is completely defined by
two varigbles: the link where it bedongs and the disance from the downstream node of
such a link. Moreover, a stop can represent any physica point on the network (a pick-up
or ddivery location, the current podtion of a vehicle, etc.), and these two attributes are
enough for its complete identification.

One of the most relevant operations in the context of this dmulation scheme is
the vehicle stoppage at pick-ups, deliveries and transfer points. The firs two cases,
cdled norma sop are smpler than the operation a terminds. Nevertheless, the basic
amulation techniques used to mimic the stoppage operation in PARAMICS are common
to both scenarios.

In order to smulate a pick-up, delivery or trandfer vehicle operdtion, there are
two behaviord aspects that require certan tretment: lane changing and vehicle
stoppage. The former snce in redity the trander operations should happen in the right
most lane, and the latter because the vehicle needs to stop for a certain time and postion

in order to smulate a proper passenger transfer operation. In case of termind
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operations, an additiona treatment of available stes for the vehicle to park is needed and
it is discussed later in this section.

The transfer will occur somewhere aong a PARAMICS link, which can be
trandaed into the corresponding ABSNET link dictionary. Thus, the stop link and the
exact sop location trough the distance from the downstream node are completely
identified.

In cae of the lane changing procedure, the PARAMICS override control
function “move in” was utilized in order to convey a lane-changing simulus to move to
the right, based on the target vehicle attributes and the postions and attributes of the
surrounding vehicles. The dimulus is transferred to the vehicle from the time it crosses
the upstream node of the sop link till the vehidle findly stop. In practicd terms, the
function is cdled every smulaion time dep Dt for trandering such a dimulus while
the vehicle is upstream from the stop location.

Two additiond varidbles (acceptance and setting times for lane-changing) are
aso properly set. The “gap_acceptance’” PARAMICS function is adso cdled in order to
adjust the gap of the vehicle and make the lane-changing maneuver easier and softer.

The second gep is to stop the vehicle at the right location. In order to do that, a
space window  is identified around the stop location on the chosen link, and using the
override function “vehicle speed set” dong with the callback function “vehicle speed”,
the needed decderation is set on that vehicle to make it sop smoothly a the right
postion for the scheduled dop time with very high accuracy. Both stop time and
postion conditions ae checked every gmulation time dep  within function

“vehicle tagged move’ that is cdled for every vehicle a every time step.
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The dop in terminds requires additiona trestment. Each termind comprises
svead links and each link contains severd dtes for stopping. The difference with the
norma approach introduced above is in determining the exact podtion of the stop. In
this case the stop location is not fixed as in the previous case and depends on the
conditions of the temina and on the number of vehicles stopped there occupying
different dtes on different links when the target vehide reaches the hub. All the
information regarding termina conditions is kept on the corresponding hub data
structure member.

Thus, when the target vehicle reaches the hub termina, a dte is assgned to it on
a chosen link associated to such a hub. The dte is set to “occupied’, so that no other
vehicle will use the same dte spot while the target vehicle is sopped there. Once the
vehicle leaves the ste and findly leaves the hub, the hub data structure is updated setting
the stop gSte as “unoccupied” and updating dl customer, hub and vehicle data structures
in order to update the smulated passenger transfer operation there.

In Figure 6.10 the complete stop process is graphically represented.

6.7.9 Point-to-point shortest path routine

6.7.9.1 Generalities

This section describes the dgorithm utilized for computing the point-to-point shortest

path travel time between any two stops belonging to the ABSNET at any time.

297



VEHICLE
POSITION
=
!
T 1
: ENTER
| i ABSNET Lane-changing
i LINK i
1
M i
!
T T T -
E i
: P-m
i
I
|
i
Cror=r >
I
1
i
1
1
i
Vil P+ X
1
1

SIMULATION
STATUS

Vehicle

Stop

Set stop position

Set site

Set hub position

Lane-changing

Set link position

position

PARAMICS
FUNCTIONS

|
vehi cl e_t agged_nove I
nmove_in() |
gap_exi sts() |
|
vehi cl e_awar eness i
_set() 1
|
1
|

vehi cl e_aggression |

!
1
vehi cl e_speed_set () :

vehi cl e_tagged_
transfer()

Figure6.10 Simulating a passenger transfer operation

This particular smulation procedure requires a very dficdent point-to-point shortest path
routine that has to be caled multiple times when deciding vehide routes in red time
according to the routing decison taken by the centrad dispatcher each time a new pick-up
request enters the system. If the demand is very high or the network utilized is very

large, the efficdency of this dgorithm will be cudd for running the smulaion with

routing decisonsteken inred time.
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In fact, the insertion cost function incorporated in the “Routing and scheduling”
module depend on the travel time from the current vehicle location and the pick-up
location of such a request, and this will happen for dl candidate vehicles every time a
new request comesin.

In addition, the ultimate god is to code a stop-to-stop $ortest path agorithm,
where the stops are points located in the middie of any ABSNET link. One additiond
difficulty is to incorporate the two components of the link cost consdered by
PARAMICS: link cost and turn movement cost. Thus, the agorithm has © be designed
in order to manage two different network forward dtar data structures (coded as
adjacency-list representations), one congdering the cost from node to node (link cost),
and another including cogt from link to link (turn movement cog). In Figure 6.11 an

example of the cost components included on a smple path are shown.

%«
A 4
v

A 4

Figure6.11 Link and turn movement cost representation

The complete link cost is computed from node to node as in the figure. Therefore, the
cog for crossing a link will depend on where the vehicle is coming from. The link cost
functions coded as part of this APl (Section 6.7.2, cost module) follows this convention.

That is, the turn movement cost hgppening a the beginning of the link is summed to the
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downgtream link cost in order to obtain the tota link cost. This convention is congstent
with the logic of most of the shortest path dgorithms in which the predecessor to a node
is normdly known when computing link costs form such a node to dl their neighboring
nodes.

The literature provides severd references for the single origin/sngle dedtination
problem under different network topologies. Two-sded labd setting methods for this
problem were proposed origindly by Nicholson (1966); see dso Helgason et al.(1993),
which contains extensve computational results. The idea of usng lower estimates of the
shortest distance to the destination in label correcting methods has been studied by Pearl
(1984). Ancther dternative is to implement a combined forward/ireverse auction
dgorithm, due to Bertsekas (1991). The implementation of an auction adgorithm with
graph reduction was explored by Bertsekas et al.,(1995). An andyss of a paald
asynchronous implementation is given by Polymenakos and Bertsekas(1994). Some
vaiants of the auction agorithms that use dightly different price updating schemes have
been proposed by Cerulli et al.(1994). A method that combines the auction agorithm
with some dud price iterations was given by Pallotino and Scutella(1997).

In thisimplementation, an agorithm for solving the stop-to- stop shortest path
problem is developed based on the origind label setting implementation by Bertsekas

(1998).

6.7.9.2 The proposed stop-to-stop shortest path algorithm

Before describing the adgorithm and the agpplication to this particular case, let us clearly

define the problem and the associated cost structure according to the scheme presented
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in the generdities subsection. The objective is to solve a stop-to-stop shortest path
problem, in which stops hgppen modly in the middle of any ABSNET links. Even
though the turn movement cos is actudly associated to a link, the notation will be
defined in terms of nodes, since the proposed shortest path agorithm follows a node-
based logic. Therefore, let us denote tc, and c;, the turn cogt for the movement from
link (i, j)to node (j,k) and the link cost associated to link (j,k) respectively. Consder
the schemes of Figures 6.12 and 6.13 for the origin and destination locations of a trip
segment (could be from the current vehicle position to a stop or between to stops, €tc.).

Notice that the dedtination happens dong a two-way link. In that case it is
assumed tha the pick-up or ddivery will be ether on link (k,m) or on link (mk),
depending on which path turns out to be cheaper. In the origin case, the problem is easer
snce normdly is referred to the current pogtion of the vehide therefore the link is
adways defined, and the shortest path can be computed from the downstream link node.
However, snce the turn movement costs are important, the iteration should Start by

knowing the predecessor to the origin nodej (in this case nodei).

Figure6.12 Origin stop location
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Figure6.13 Destination stop location

The dedtination stop trestment is more complex in case of two ways links snce vehicles
could arrive from both vertices (either upstream or downstream node), and the agorithm
is redly a node-to-no shortest path procedure. In this case, what is needed is a :to-2
shortest path agorithm instead, which is a straightforward extenson of the Xtol case as
discussed next.

Let us start with the Xto-1 case. The basic agorithm is a labe correcting method
proposed by Bertsekas (1998). In case of labd correcting adgorithms, the difficulty is
that even after severa paths are found to the degtination t (each marked by an entrance
of t into lig V), one cannot be sure that better paths will not be discover later.
However, in the presence of additiond problem gructure, the number of times various
nodes will enter V can be reduced considerably, generaing a very efficient point-to-
point shortest path dgorithm in cases where the problem itself provide information to
bound the solution and reduce the tree construction spread as explained next.

Suppose that a the start of the algorithm, for each node i, an underestimate u,

of shortest path cost from i to t is avaldble (u, =0 is required). For example, if dl
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link lengths are nonnegative u, =0 can be consdered for al i. The possbility thet
u =-¥ for dl i corresponds to the case where no underestimate is avallable for the

shortest path cost of i, and this case turns out to be the traditiona label correcting
method for finding a shortest path tree. The dgorithm isasfollows
Initidly
VvV ={1}
d=0,d =¥,"i11 (6.4)
The dgorithm proceeds in iteraions and terminates when V is empty. The typicd
iteration (assuming V is nonempty) is asfollows.

Iteration of the Generic Single Origin/'Single Dedtination Algorithm

Remove anode i from V . For each outgoing arc (i, j)T A, if

d, +c, +tc,, <min{d,.d - u}, (65)

p(i)i

d,:=d +g +tc,,, (6.6)
andadd j toV if it doesnot aready belongto V .
In this example d. is the label associated to node 1 and p(i) is the predecessor of

node i through the best path found thusfar from 1 to 1.

The preceding iteration is the same as the typica labe correcting from one to dl-

destinations agorithm, except that the tet d, + ¢ + tc,,, <d; for entering a node j into
V is replaced by the most stringent test d, +¢; +tc, ), < m'n{dj,dt - uj} . (In fact, when

the trivid underesimate u, =-¥ is used for dl j !t the two iterations coincide). To
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understand the idea behind the iteration, note that the label d; corresponds at all times to

the best path found thus far from 1 to | . Intuitively, the purpose of entering node | in
V when its labd is reduced is to generate shorter paths to the destination that pass

through node j. If P, isthe path from 1 to | corresponding to d, +¢; +tc,,;, then

p(i)i ?
d; +¢, +tc,;y +U; is an underesimate of the shortest path length among the collection

of paths P, tha firg follow path P, to node j and then follow some other path from |
to t . However, if

d; +¢; +tc;,; +u; 3 d,,
the current best path to t , which corresponds to d,, is at least as short as any of the
paths in the collection P;, which have P, as ther first component. It is unnecessary to
consder such paths, and for this reason node | need not be entered in V. In this way,
the number of node entrancesin V may sharply reduced.

In the context of this study, the dgorithm proposed by Bertsekas is very
attractive since there is a logicd and in most cases very tight lower bound cost u, for the
shortest path cost from 1 to i obtained by computing the dl-pairs shortest path matrix
under free-flow conditions. Notice that, sSnce turn movement costs are included in the
cdculation, the resulting matrix will have more than two dimensons, noting that from
each node i to any other node there will be as many shortest paths as incoming links to
nodei.

In addition, as dso mentioned by Bertsekas, it is possble to further improve the
dgorithm proposing an efficient advanced initidization. There is no need for the typicd

initia conditionsin (6.4).
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The dgorithm works correctly usng severd other initid conditions One

posshility is to use for each node i, aninitid labd d, thet is ether ¥ or dse it is the
length of a path from 1 to i, and to take V:{i|di <¥}. A more sophigticated
dternativeistoinitidize V so that it containsdl nodes i such that

<min{d,,d, - u,} for some i, j)T A. (6.7)

di + Clj + th(i)i

Thiskind of initidization can be extremdy useful when a“good” path
P=(i,...,i,,t) (6.8)

from1to t isknown or can befound heurigicdly. Then the dgorithm can be

initidized with
q _iLengthof portionof pathP fromltoi if iTP
T ¥ if il P
V={Li,,....i,}

If P is a near-optima path and consequently the initid vaue d, is neer its find vaue,
the test for future admissbility into the candidate lis vV will be rdativdy tight from the
dart of the agorithm and many unnecessary entrances of nodesinto V. may be saved. In
particular, it can be seen that dl nodes whose shortest distances from the origin are
greater or equd to thelength of P will never enter the candidate lis.

Therefore, and using this idea since the free-flow peaths from any node to any
other node are dl known (for the lower bound caculations), a good path as in (6.8)
would be exactly such a path, that is, the same path found from the free-flow dl-pairs

shortest path matrix computation, and the initid vaue for a labd d.for a node that
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belongs to such a path has to be computed by updating the link and turn movement cost
values of the sequence of links going from 1 to i through P.

In case of the queue management drategy, a combined SLF (Smdl labd first
method) queue insertion and a LLL (Large Label Last method) node remova drategy

was utilized, defined as SLF/LLL by Bertsekas (1998). In summary

SLF srategy: Whenever a node j enters queue Q, its label d; is compared with the

label d; of thetop node i of Q.If d; £d,, node | is entered at the top of Q; otherwise j is

entered at the bottom of Q.

LLL strategy: Leti bethetop nodeof Q, and let

o

a= aJTQdi
S

If d. >a, move i to the bottom of Q. Repeat until a node i such that d, £ a isfound and
isremoved from Q.

The previous dgorithm peforms quite wdl, conddering that normdly the
network costs do not change consderably with respect to the free-flow conditions in the
red world, except in peak-hours in which case the dgorithm anyway performs better
than atwo-sded label setting method such as the one proposed by Nicholson.

Recdling the origind problem (stop-to-stop), and accounting for cases such as
that shown in Figure 6.13, it was needed to extend the previous agorithm to the tto-2
case, in order to compute the shortest path to both nodes belonging to the destination
link. In addition, the cost of the lagt turn (from last node t to the next node on the

degtination link) is added in the formulation in order to capture the turn cost towards the
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degtination in the middle of a link. Therefore, the iteration of Bertsekas adgorithm turns
out to be:

For the 1-to-1 case:

Iteration of the Generic Single Origin/Single Destination Algorithm

Remove anode i from V . For each outgoing arc (i, j)1 A, if

di+clj+tcp(i)i+ j(t)<mn{dj’dt_uj} d (6.9)

d, =d, +¢c, +tc;; + ;(t) (6.10)
andadd | toV if it doesnot dready belongto V .
Here,

tc, if =t
0 otherwise

J(t)z}
|

For the 1-to-2 case: (destinations t, and t,)

Iteration of the Generic Single Origin/'Single Destination Algorithm

Remove anode i from V . For each outgoing arc (i, j)T A, if

d, +, +10,, + (t)+ (1) <min{d; max(d, - u;t).d, - u;t,)} 611)

dj = di +C|j +tcp(i)i + j(tl)+ j(t2) (6-12)
andadd | toV if it doesnot dready belongto V .
Condition (6.11) ensures that (6.12) will be set if and only if both bounds are

smultaneoudy fulfilled, associated to t as wel as t,, which means that when V is
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empty, the labe of both t and t, will be the shortest path from node 1 to both

degtination respectively. It is dso assumed that t, * t,. Lower and upper bounds are
defined separately for each dedtination as well. Therefore, from the resulting shortest
path accessing to the degtination spot from both vertices, one is able to decide which one
is chesper consdering the extra link cost due to the reative postion of the point with
respect to each vertex. Bertsekas (1998) proved that if there is a path from node 1 to t,
his adgorithm converges to the shortest path from 1 to t. In the next section, a graphicd
example showing the advantages of the dgorithm under relaively favorable conditions

is represented.

6.7.9.3 Graphical example

Let us congder the network in Figure 6.14, and the shortest path for traveling from node

159 to node 165 under free-flow conditions:

Figure6.14 Shortest path from node 159 to node 165 (free-flow conditions)
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Under these conditions, the al par shortest path matrix is computed and stored. After
loading the network, some congestion occurs, changing the previous shortest path to te

one shown in Figure 6.15.

RE

Figure6.15 Shortest path from node 159 to node 165 (congestion)

The two-dded Dijkgtra dgorithm was run under the congested conditions without
congdering previous information about the network itsdf. The resulting shortest path
tree obtained isillustrated in Figure 6.16

By running the proposed dgorithm for the same problem but utilizing the free-
flow information (Figure 6.14) in the way proposed in the previous subsection, the
shortest path tree shown in Figure 6.17 is obtained.Notice the condderable savings
observed from the dgorithm showing its efficency in the context of trangportation
problems, in which the free-flow conditions dlow us to sgnificantly bound the limits of
the shortest path tree search for finding the optima solution under congested or sSmply

normd traffic conditions.
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The presented dgorithm was coded in the smulation plaform for finding
optimal routing of trangt vehicles on the ABSNET network as shown in Figures 6.4 and

6.5

'«i':IB:.I

Figure6.17 Proposed algorithm shortest path tree (congestion)
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6.8 Final remarks

This chapter discusses the need for developing more comprehensive urban transportation
network sSmulation environments thet go beyond the conventiona microscopic
amulation models tha have largdy been auto-centric. The chapter provides dso a
candidate framework to develop such smulations and presented the agpplication of such a
framework for certain Smulation contexts.

In particular, the smulation framework has been gpplied to the HCPPT study,
dlowing the modder to smulate and evauae the proposed system under various
upply-demand conditions.

The idea relies on the recent interet among practitioners towards the use of
micro-smulation and the renewed interes among researchers in conddering such
amulations as a potentidly viable option in the future, especidly with commercid
software vendors entering the market place in abigger way than in the past.

Much further work remains to be done. One such area concerns the generd-
pupoe vehide movement dmulations especidly for "unusud” vehides, such as
articulated coaches, tractor-trailer trucks, and even some of the vehicle types proposed in
BRT and LRT systems.

The smulation environment as discussed in this chapter would become useful for
rea-time evauation of operationad plans (as opposed to off-line evauation). This would
require methods to incorporate such systems into even more complicated dynamic traffic
assgnment models.  Suffice it to say that the directions of use of smulation would drive

much of future work on thistopic.
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7 SIMULATED CASE STUDY

7.1 Description of simulation scenarios

The objective of this Chapter is to present a more sophisticated gpplication than that
discussed in Chapter 3. The earlier results were at an abdtract level based on a spatia
discrete-event amulaion of the HCPPT dedgn. The focus in this chapter isto extract
results from a microsmulation of the sysem based on a red network coded in
PARAMICS, following the coding details addressed in Chapter 6. The process requires
severd critica seps. Firdt, the PARAMICS network of a specific region has to be fed by
proper vehicle demand, in order to make the system run, and aso in order to generate a
parametric passenger demand level according to the methodology described in Chapter
6. Next, the communication interface described in the previous chapter has to be
implemented, with dl the reativey complex routing rules described in Chapters 4 and 5,
and dso with the difficulty of routing and controlling vehicles in red Imuleion time a
the microscopic leve.

The implementation of the sysdem a this level is computationdly complicated
and therefore severd samplifications and assumptions were required regarding certain
specific detals, in particular the routing rules for the stochastic case as shown in Section
5.5. In addition, to perform a reasonable smulation of the HCPPT scheme, the total area
can not be vey smdl given the characterisics of the clustering and decomposed

methodology. In this section, dl these condderations are addressed in detall.
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7.1.1 Network and demand considerations

Paramics Or ange County networ k coding Details

A criticd gep in the evdudion of the HCPPT system is to find a suitable network for
smulation. It would not be practicd to smulate a smdl network because most trips
would not fit into its boundaries. This would not reflect the demand present in the red
world. Therefore, in order to be able to smulate the HCPPT sysem and to obtan
reasonable results and datistics associated with its performance, a large network had to
be used.

An aea that encompasses most of Orange County, Cdifornia, was chosen for
this purpose. An Orange County network in PARAMICS was already coded in the UC
Irvine Research Testbed facility, but it contained only the geometricd characterigtics of
the network (see Figure 7.1).

This network coding was conddeably enhanced in the context of this
dissertation, the find verson composed by 12,691 links and 7,500 nodes. The find
verson of the network includes several coding detalls, such as the most important
sgnds, ramps and s0 on, and run quite wel for reasonable demand levels, as explained
next. The only difficulty a this stage is to code PARAMICS zones for such a network
and generate redigic vehicle demand. The process utilized to deal with this problem is

explained in the next sub-section.
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Figure7.1  Orange County PARAMICS network

Extraction of Orange County Transportation Analysis M odel

(OCTAM) demand

The demand matrix needed to run the smulation had to be obtaned from a planning
modd cdled OCTAM (Orange County Trangportation Andyss Modd). The 1998
verson of OCTAM has 1704 zones. This network and its demand were originadly coded
in TRANPLAN, but were imported into TransCAD because of memory issues. A

TransCAD representation of such a network is shown in Figure 7.2.
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Figure7.2  Orange County TransCAD network

A sub-area, corresponding to the PARAMICS network, was defined in the OCTAM

model and its OD demand was “extracted” in the following steps.

User equilibrium traffic assgnment was performed for the whole network (see
Figure 7.3). Upon successful completion, the traffic assgnment procedure produced
the following output files

- A tablefile containing the estimated link volumes and link cogts.

- A text file containing a summary of user inputs and modd outputs.
The subarea O-D matrix extraction was then performed. The subarea OD matrix is
defined by crosslinks and internd centroids. Cross-links are links that cross the

cordon line, and interna centroids are centroid nodes that are ingde the cordon. An
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end-node of a cross-link, whether it is a centroid or a regular node, is cdled an
externd dation if it is located outsde the cordon. A subarea GD mairix is a square
matrix, which means that within the matrix there is a row and a column for each of
the internad centroids and the externd daions. There are two ways to define a
subarea, by defining a polygon or by defining an area set. We used the polygon
annotation feature because it was more suited to our requirements. The shape of the
subarea was coded to match the existing PARAMICS network. The subarea
assgnment module was used in order to arive a the subarea OD matrix. In Figure
74, the extracted aea a the OCTAM levd aong with the corresponding

PARAMICS network are shown.
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Figure7.3  User Equilibrium assgnment for the Orange County TransCAD
networ k
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PARAMICS

Figure74  Extraction of OCTAM demand

Once the subarea had its corresponding demand, the next step was to match the demand
locations of both networks. PARAMICS does not generate demand in centroids, instead
the demand is generated uniformly in the links within the boundaries of the origin zone.

Each centroid in the OCTAM sub-area had to be assigned to a zone in the
PARAMICS network. The PARAMICS network has a much lower detail than the
OCTAM network (see the lower diagrams in Fgure 7.3). Therefore each zone in the
PARAMICS network had to correspond to more than one OCTAM centroid. After
assgning al the OCTAM centroids to their corresponding PARAMICS zones, the
demand of the PARAMICS zone was obtained by summing up the demands of Al

OCTAM centroids associated with it.
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As dated above, the levels of detail were not the same in both networks. This
made it difficult to find the corresponding locations in both networks and some
adjustments had to be made to generate the gppropriate demand in the correct location.
For example, the leve of demand generated in the boundaries of freeways is much
higher than the one generated in the arterid sreets We had to make sure that the
demand corresponding to the freeways was redly entering into the freeways and not
being diverted to the nearby arterid dreets. These cases had to be identified by running
amulaionsto seeif unusudly high levels of congestion in arterid streets were obtained.

Another problem encountered at this point was the lack of connectivity in some
areas of the network. Sometimes, vehicles could not satisfy the GD matrix because the
origin zone and the dedtination zone were not connected properly, thus making it
impossble for some vehides to complete ther trips. This issue was resolved by
modifying the network geometry in PARAMICS. Findly, 269 zones were coded in
PARAMICS, including both internd and externd demand, from the OCTAM ddtic
demand. The find zoning is shown in Figure 7.5.

From the datic demand matrix, the PARAMICS modd was run for different
levels of demand until an 80% levd, recognizing that the datic demand aways
overestimate the dynamic one, that is gppropriate for a microamulation modd such as
PARAMICS. In the next subsection, dl HCPPT design consderaions applied to the
aforementioned Orange County region ae explaned, based on the PARAMICS

representation asin Figures 7.1 and 7.5.
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Figure7.5  Orange County PARAMICS network zoning

7.1.2 Design considerations

7121 Design of clustersand hub locations
The totd area is around 245 sguare miles. Therefore, the total region was plit into five
hub areas according to the HCPPT design and dimensions explained at length in Chapter
3. The criteria used in such divison were manly motivated by topological issues In
fact, the dea behind the proposed clustering was to effectively baance the total length of
roads within each hub area. Each cluster area is 40.92 square miles; therefore each of the
cdlsis 5.84 square miles.

In addition, the digribution of the hub areas was chosen trying to maximize the

coverage of the road system, congrained to the specific hexagond shape of the cels.
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Once, the best digtribution was properly chosen, some additiond regions (cdls but of
different shape) were added to the system and associated to the closest hub area.

In summary, 35 hexagond cells are coded, in groups of 7 comprisng each hub
area. In addition, 7 extra regions are added to the scheme in order to cover the whole
road system, and associated to the closest hub area for routing purposes, according to the

clugtering digtribution shown in Figure 7.6.

Figure7.6  HCPPT schemeon the Orange County region

The hub locations was determined in such a way that they gpproximately matched the
middle point of each hub region. Notice that in al cases the hub termind is located in
the centrd cdll of the corresponding hub area.

The specific design of each terminad was quite Smple as shown in Figure 7.7.
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Figure7.7  HCPPT hub terminal design

Notice thet in the termina, vehicdes move clockwise around a termind in order to
perform al passenger transfer operations to the right-side curb. Thus the passengers can
wak insgde the termind to the gppropriate curb locations marked for vehicles destined to
other dedinations. Though such detalls may agppear indgnificant, lack of care in these

aspects can cause serious passenger disutility.  The above design requires a two-leve
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crossing a the entrance to prevent vehide conflicts and also in order not to add extra
delays to the passengers from the formation of vehicle queues at the termina entrance.

The number of stop spots coded in PARAMICS was enough in order to
guarantee at least one unoccupied spot for a random vehicle entering the termind a any
time. In addition, the Stes were grouped and distributed based on the destinations of the
vehicle, trying to beter represent the red operation of urban bus terminds.

Termina access was in most cases controlled by a signal, on an important arterid

on the surface network.

7122 Treatment of trunk and surface street networks

With regard to the implementation of the trunk and surface network concept, introduced
in Chapter 3, in order to differentiate the reroutable from the non-reroutable portion of

the HCPPT vehicle route, some important issues must be highlighted:

The trunk portion of the network in most cases was chosen aong the freeways (see
Figure 7.6), athough a freeway section is not necessarily the shortest path between
two adjacent hubs, particularly under congested traffic conditions. However, the
desgn and the experiments were carried out redtricting the trunk network to the
freaway sections shown in Figure 7.6.

The entrance and exit locations, to and from the trunk portion of the route are chosen
depending on the gpecific location of the vehide when teking the decison of
entering the trunk network. These are normaly based on the shortest path between

the current location and the trunk network. Some congraints were imposed
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however, redricting the fathest dlowable entrance point when the vehide is moving
towards its vigt hub, and the closest dlowable exit point when it is returning in
direction to its home hub. These ae agan practicd consderations of ggnificant
impact in the operation of red sysemslikethis.

The reroutable portion within each zone is composed by dl arterid (surface) dtreets
of the network, according to the clustering configuration shown in the previous
section. In terms of roads, a representation of the road network split by hub area is
depicted in Figure 7.8.

In addition, the parametric generaion of passenger demand from the
PARAMICS zoning shown in Figure 7.5, is condrained to this s&t of roads. An
additiond condraint is added to this generation process regarding the network
connectivity congraint mentioned in Section 6.7.7. That is, demand points can not be
generated in places from where the vehicle can not physicdly return to the network.
This issue is very important and it has to be checked with specid care in order not to
have serious problems while running the Smulaion, causng spurious results that
may often be undetectable too.

The length of the road system, for each cdl and hub is summarized in Table 7.1.
Even though the densest hub area is hub 1 in terms of road length, most of the links
included in the caculaion corresponds to zone connectors, and therefore are not
interesting for routing and demand generation purposes. Hubs 1, 4 and 5 ae quite
amilar. The only hub with a congderable difference in road dendty is hub 3, which
is evident from dl previous figures. This fact must be taken into account when

deciding fleet distribution among hubs, as discussed later in this chapter.

323



b o scsdel 1 Iroh = 013802 Wies 1BU55] =] ] miransd LmER B

Figure7.8 Reroutable portion of vehicle routeswithin each hub area

After building the PARAMICS modeding network, and according to the network
aggregation methodology discussed in Chepter 6, the corresponding smplified
ABSNET is created. The ABSNET has 5,844 links and 2,994 nodes, meaning that
the origind microamulation network was reduced by approximatey 54% in terms of
links, and about 60% in terms of nodes. The corresponding data structures for

network storage are kept as linked lists for modeling and routing purposes.

324



Table7.1

Length of road system at cell and hub level (meters)

HUB 1

HUB 2

HUB 3

HUB 4

HUB 5

Total Length

CELL

562541.7

915120.61

374024.8

681305.1

640311.3

65829.9

62231.9

58421.9

985214

116137

61070.3

71140
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7.1.3 Design of a HCPPT system under specific passenger demand
conditions

After discussing dl detals about the vehicdle demand generation, HCPPT cludtering and
network issues, the next issue is to generate proper passenger demand according to the
methodology developed in Section 6.7.3. A moda split of 5 % was considered here for
passenger demand in the system, and the corresponding passengers were generated over
the road network a specific pick-up and ddivery points. The passengers were generated
somewhere dong the network links, avoiding banned street stretches, such as very close
to the intersections, places without connectivity, etc. The time between cdls was
assumed to be uniform over a period of one hour.

The passenger pooling process a stops was dmulated usng a Poisson
digribution with . =1.5 as shown in Fgure 6.8. All internd trips ether traveling done
(pool sze = 1) or not sharing pick-up location with any externd traveler going to a
different hub region were diminated from the sysem, assuming that they could be
sarved by an internd service running as a typicad DRT within each area. The reason is
that origindly too many trips turned out to be internd, generating evident inefficiencies
in the scheme operation as proposed here.

After making this correction, a reasonable level and distribution of passengers
aking for sarvice was generated. For example, in Table 7.2 and Figure 7.9 the
digtribution of the pick-up pointsin time and space is shown at acell leve.

Notice that there are zones where the demand is quite high, particularly those

cdls that belong to hub 5. Notice that even though cluster areas are quite Smilar in terms
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of tota road length as well as totd surface, the demand levels are not very baanced
among them. Therefore, both the didribution of vehides among hubs and the
digribution of the vigt hubs among those vehides have to be computed usng a
ressonable methodology based on the information available regarding the potentid
passenger demand shown above, that could be associated to some avalable historica
data.

In order to do that, a very smple fleet szing model is proposed, based on the
expected level of sarvice meassured as a function of the shortest path travel time
asociated to each trip over time, and dso as a function of a mnimum desired average
load. Moreover, the idea is to estimate the number of vehicles assgned to each hub but
going to each adjacent hub. However, there are some customers traveling insde the
same area (internd trips) and others going to a hub that is not necessarily adjacent to
their home hub. In such cases, as a rule of thumb, the required vehidles for serving that

portion of the demand are distributed evenly among al adjacent hub aress.
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Table7.2 Passenger demand level and distribution (call/cell)

TIME INTERVAL [min]
CELL [10,20] | [20,30] | [30,40] | [40,50] | [50,60]
1 27 28 26 19 21
2 19 28 27 25 26
3 20 14 15 i 19
Z 37 75 51 3l A
5 20 20 6 11 13
6 21 12 18 15 20
7 3 24 28 20 A
8 28 35 27 76 26
9 11 1 6 0 1
10 19 10 11 5 10
11 33 27 19 16 19
i 23 14 7 7 7
13 13 0 0 0 0
14 14 0 0 0 0
15 61 27 44 44 44
16 51 31 24 3 %
17 3 17 20 18 20
18 38 13 20 18 18
19 25 6 5 7 8
20 20 0 0 0 0
21 28 14 10 7 9
22 A 25 i) 11 14
23 39 15 23 17 2
24 38 11 14 10 11
25 37 10 18 i 18
26 51 23 19 19 25
27 28 1 2 1 2
28 28 0 0 0 0
29 59 2 36 25 3
30 70 ) 41 20 29
31 76 53 3 3 57
32 56 18 19 23 15
33 72 3 3 39 33
34 65 7 20 3 )
35 74 20 7 39 39
36 57 2 18 21 21
37 7] 9 8 10 i
38 86 65 50 78 3
39 39 1 0 2 1
40 ) ] 7 2 9
41 41 0 0 0 0
42 45 5 4 5 4
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Figure7.9  Passenger demand level and distribution

Findly, the fleet 9ze associated with each hub area is estimated using a very smple rule

asfollows.
p g st &p § Pty pa St o
_ ki Tij 1 9 ki Tii o ki Til _ d i
NVij = + —¢ +q ——= NViJ. + NV” (7.0
DL xP N, (i) c DL xP i H () DLxP -
e [7]
or equivdently
NV P éo q:)tij + &, q:)tii + &2 2 Sptil OU (7 2)
0= é - :L] .
" DLxP @kiaTij “ N, (i) ekiaTii “ n'%(i) kTaT” “ A
where
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spt: is the shortest path travel time for traveler k going from origin hub area p to
destination hub areaq (secs.).

T,, - isthetotal demand over period P between hub areap and hub area g

p . represents a correction factor for the shortest path travel time (at this point
assumed invariant between hubs), which must be greater than one, approximatey
capturing the expected ride time index defined in Chapter 3, as the ratio between the
system ride time to door-to-door travel time by automobile, which is assumed to be
close to the shortest path trave time.

H (i) : isthe set of adjacent hubsto hub i, with cardindity N, (i).

DL.: represents the desired load (pax/veh).

P: isthetotd period of modeling (secs)

Notice that this way of edimating the fleet 9ze is an gpproximation, that only gives us a
reasonable idea of what would be the gppropriate fleet to manage the historical demand
for getting some minimum desred load, assuming certain vaue for the levd of sarvice,
captured by the indicator p. In Table 7.3, the previous cdculaion is summarized for a
hourly demand pattern P = 3600), assuming that DL = 3 and p = 1.5. The total number

of vehicles assgned to each hub is shown in Figure 7.10.
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Table7.3 Estimation of the fleet size and distribution

Hubi | Hubj | Hub not é SptLj NV ¢ NV + NV! round(NVij) N\/i
reach ! ! .
K T
1 1 167123 23.2
1 2 4 235447 32.7 46.3 47
1 3 198279 275 41.1 42
1 4 125649 175
1 5 369530 513 64.9 65
154
2 1 4 459309 63.8 98.3 9
2 2 124540 17.3
2 3 170050 23.6 58.1 59
2 4 150701 20.9
2 5 221832 30.8
158
3 1 212882 290.6 325 33
3 2 93965 131 16.0 17
3 3 85111 11.8
3 4 123861 17.2 20.2 21
3 5 344901 479 50.9 51
122
4 1 109366 152
4 2 91216 127
4 3 154514 215 44.6 45
4 4 132445 184
4 5 2 328815 45.7 68.8 69
114
5 1 515203 71.6 95.0 95
5 2 200049 29.0
5 3 450995 62.6 86.1 87
5 4 2 461269 64.1 87.5 88
5 5 296685 41.2
167123 23.2 270

It is evident the relation between the demand and the required fleet sze by looking at
Figures 7.9 and 7.10. Hub 5 represents the most intensive focus of demand, and that is
reflected on the flest sze of 270 vehides, which is around twice as much as that

assigned to the other hubs.
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Figure7.10 Fleet szedistribution per hub

Hub

The computed fleet didribution and size is used in mogt of the experiments in Section
7.2. However, and in view of the results obtained in some of the smulations conducted
as a firs approach, some sengtivity andyss was performed based on variation of the
fleet Sze trying to keep the above showed distribution.

In the next section, a description and dasdfication of the amulation experiments
is described, addressing the different aspects, parameters and policy indicators that were

modified and tested in Section 7.2.

7.1.4 Specific routing and scheduling rules applied to different cases
In this subsection, a discusson about the specific rules and scenarios smulated as part of
this research is described. The andyss is based on the methodology described in the
previous chapters (mainly, 4 and 5), but aways based on the basic design proposed in

Chapter 3.
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In Chapter 4, a set of rules are described in order to route the HCPPT vehicles,
however, dthough al these rules are based on optimdity issues and common sense,
some detaills and practicdl issues had to be dsudied via smulation. Therefore, severd
preliminary experiments were conducted, as a firs agpproximation in order to bind the
range of some parameters used as part of the rules. Other parameters were guessed from
economic theory or previous experience found in the literature. As results, a reasonable
st of amulations based upon different parameters, rules and policies were obtained. As
mentioned in the previous section, a sendtivity andyss was peformed oriented to the
supply levd more than the demand. Parametric demand studies as wdl as specific
demand modds resulting from different level of service will be explored in the future
and is out of the scope of this dissertation.

Before describing the experiments conducted by applying the theory developed
in dl previous chapters, it is necessry to mention some practica issues to make the

system run. Some of them are the following:

The dmulation had to be run with rdativey low demand leves (for persond
vehicles), due to computationd redrictions from the network Sze, number of
vehicdesand APl complexity.

All routing rules are updated every minute of Smulation. This means tha dl new
cdls are accumulated in a queue of requests during intervals of one minute. After
this time, cadls are assgned to vehicles according to the specific routing rules in a
FIFO manner. If some requests can not be served, they are added to a waiting ligt

(queue), with a capacity of 1000 customers. If the queue exceeds this vaue,
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additiona customers are regected. Most of the routing decison rules are computed
usng a matrix of shortest paths (computed from an al-to-dl shortest path agorithm
updated every 15 minutes) ingead of running the point-to-point shortest path
dgorithm every time a route segment travel time has to be evauated in the decison
procedure. The point-to-point shortest path agorithm is run once the decison of
assignment is teken (that is, once the vehide and the insertion segment on that
specific vehicle route are decided) in order to check the quality of the decison and
aso in order to effectively reroute de chosen vehicle.

In order not to have extremey high computationd delays when running the insertion
agorithm, some condraints are added when defining the feasble set of vehicles and
candidate segments for a gpecific insation.  Paticulaly, a parameter
MAX_DEL_CAN is defined, such that, if a specific vehide has more than
MAX_DEL_CAN scheduled externd ddiveries (or internd ddiveries dready on the
vehicle) a certain decison time, it will not be candidate for serving any extra pick-
up. In addition, in order to reduce the length of ddivery tours, a condrant on the
number of people picked up a hubs is imposed, cdled MAX PICK_HUB, even
though the vehicle could be able to accommodate more passengers insde. After the
priminary experiments, a vaue of MAX_DEL_CAN = 3 and a vdue of
MAX_PICK_HUB =5 were considered for the find smulations.

For each new pick-up request, only a subset of vehicles is consdered as candidate
for that insertion. The sdection of such a sat of candidates is based on a spdtid
condderation, since it is very easy to check. The heuridic rule is as follows A

vehidle will be consdered a candidate for picking up a new group of passengers,
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only if any of the next MAX _SEQ DIST scheduled stops on its route is close
enough to the origin of the pick-up request. The closeness is defined exclusivdy in
terms of the grid distance between the pick up point and the analyzed stop. After
severd expeiments, MAX_SEQ DIST = 2, and maximum dlowable distances of
4,000 meters (in both x and y axis) were consdered suitable in terms of the trade off
running time of the dgorithm versus qudity of the solution.

The totd running time was of 1:30 hrs of amulaion. Vehicles are generated at the
beginning of the smulation, and the demand is 1 hr. demand and dart a t = 10 min.
Vehicle ddidics ae measured from 0:10 to 1:15. The firs 10 minutes are
consdered warm-up time and the last 15 are not included in the vehicle performance
measures snce passenger demand generation is stopped during the lagt 20 minute
period. Simulation time congtraints are basicaly due to computationa restrictions.
Stochagtic parameters and methodology were aso smplified due to computationa
congraints. For example, the binary decison modds were cdibrated offline in this
firda dage In future implementations, it is possble to cdibrate modes online,
updating them every time the predicted level of service vadues (basicdly expected
travel and waiting time, and expected load) do not reproduce the observed vaues

within certain threshold.

In addition to the above condderations, it is adso pertinent to st some of the basc

parameters, based on previous experience and dso as obtained from the prdiminary

smulaions. In Table 74, the basc parameter vdues for the find sSmulaions ae

reported:
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Table7.4

These parameters are as defined in Chapter 4. Badcdly, they correspond to the weight

given to the travd and waiting time in the cost formulation a different Stages of the

customer trip. Also, the weights associated to the TR, (k) component are shown. Time

windows at the pick-up point (Section 4.3.1.1) are dso guessed for al customers. The

operator cost weight is assumed the same as that of the travel time in datus 1. Dimension

Basic parametersused in final smulations

Parameter Value
ATT, 1
ATT, 2
ACT;, 1
ACT, 3

TR1 900
AWT, 2
AWT, 6
AWTy 3

Pe 0

Pv 0
DTA, 60
DTB, 660

oC 1

andyssisimplicit in the formulation of Chapter 4.

In addition, given the complexity of the Stochagsic modding, most of the
smulation scenarios were based on the deterministic methodology. The stochastic effect
was incorporated over the best deterministic scenarios to messure the incrementa effect

of the stochestic process after setting some basic rules and parameters based upon some

practica heurigtics such as those mentioned in Section 4.6.

A summary of the strategies developed is shown in Table 7.5.
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Table7.5

Summary of final amulations

SIMULATION #

VARIABLE 1 2 3 4 5 6 7 8 9 10 11
epsl 900 | 900 900 [ 900 | 900 | 900 |300 (900 | 1200 | 1200 | 1200
eps2 300 | 300 300 (300 | 300 (300 (300 |300 (300 |300 |300
repositioning 0 0 0 0 0 0 0 0 0 0 0
max_seq dist 2 2 2 2 2 2 2 2 2 2 2
max_pick_hub 4 4 4 4 4 4 4 4 4 5 5
max_del_can 3 3 3 3 3 3 3 3 3 3 3
max_wait_list 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000
MAXXC 3000 | 5000 | 7000 | 3000 | 5000 [ 5000 | 5000 | 5000 | 5000 | 5000 | 3000
MAXYC 3000 | 5000 | 7000 | 3000 | 5000 [ 5000 | 5000 | 5000 | 5000 | 5000 | 3000
Max_rer_time 600 600 600 | 600 | 600 | 600 [600 | 600 | 600 | 600 | 600
TLIM 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200
MIN LF 15 15 15 |15 (15 |15 |15 |15 |15 |15 |15
PLMAX 3 3 3 3 3 3 3 3 3 3 3
status veh rer_time |1 1 1 1 1 1 1 1 1 2 2
pick_state? 0 0 0 1 1 1 1 1 1 0 0
Max_Sim Time Veh | 4500 | 4500 | 4500 | 4500 | 4500 | 4500 | 4500 | 4500 | 4500 | 4500 | 4500
time_bet_stops 480 | 480 | 360 | 360
Min Veh Rer Rate 05 |05
gamma A

gamma_T

theta Pl

min_adj

veh removed

Run type D D D D D D D D D D D
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Table 7.5 (contd) Summary of final amulations

SIMULATION #
VARIABLE 12 13 14 15 16 17 18 19 20 21 22
epsl 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200
eps2 300 | 300 [ 300 | 300 | 300 | 300 | 300 | 300 | 300 | 300 | 300
repostioning 0 0 0 1 1 1 0 1 1 1 1
max_seq dist 2 2 2 2 2 2 2 2 2 2 2
max_pick_hub 5 5 5 5 5 5 5 5 5 5 5
max_del_can 3 3 3 3 3 3 3 3 3 3 3
max_wait_list 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000
MAXXC 5000 | 3000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000
MAXYC 5000 | 3000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000
Max_rer_time 600 | 600 | 600 | 600 | 600 | 600 | 600 | 600 | 600 | 600 | 600
TLIM 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200
MIN LF 15|15 (15| 15| 15 (15| 15| 15| 15| 15| 15
PLMAX 3 3 3 3 3 3 3 3 3 3 3
status veh rer_time 2 2 2 2 2 2 2 2 2 2 2
pick_state? 1 0 1 1 1 1 1 1 1 0 0
Max_Sim_Time Veh | 4500 | 4500 | 4500 | 4500 | 4500 | 4500 | 4500 | 4500 | 4500 | 4500 | 4500
time_bet_stops 360 | 360 | 360 | 360 | 360 | 360 | 360 | 360 | 360 | 360 | 360
Min Veh Rer Rate | 05 | 05 | 05| 05 | 05 | 05 | 05 | 05 | 05 | 05 | 05
gamma_A 1
gamma_T 2
theta Pl -1
min_ad 0
veh removed 50 50 75 | 100 | 75 | 100
Run type D D D D | D D D D D D D
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Table 7.5 (contd)

Summary of final amulations

SIMULATION #

VARIABLE 23 24 | 25 26 | 27 28 | 29 | 30 | 31 | 32 33
epsl 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200
eps2 300 [ 300 [ 300 | 300 | 300 | 300 [ 300 | 300 | 300 | 300 [ 300
repositioning 0 1 1 1 1 0 0 1 1 1 1
max_seq_dist 2 2 2 2 2 2 2 2 2 2 2
max_pick_hub 5 5 5 5 5 5 5 5 5 5 5
max_del_can 3 3 3 3 3 3 3 3 3 3 3
max_walit_list 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000 | 1000
MAXXC 4000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000
MAXYC 4000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000 | 4000
Max_rer_time 600 | 600 | 600 | 600 | 600 | 600 | 600 | 600 | 600 | 600 | 600
TLIM 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200 | 1200
MIN LF 1515 (15| 15| 15|15 | 15| 15| 15| 15| 15
PLMAX 3 3 3 3 3 3 3 3 3 3 3
status veh rer_time 2 2 2 2 2 2 2 2 2 2 2
pick_state? 0 1 1 1 1 0 0 1 1 1 1
Max_Sim_Time Veh | 4500 | 4500 | 4500 | 4500 | 4500 | 4500 | 4500 | 4500 | 4500 | 4500 | 4500
gamma_A 1 1 1 1 1 1 1 1 1
gamma_T 2 2 2 2 2 2 2 2 2

theta Pl -1 -1 -1 -1 -1 -1 -1 -1 -1

min_adj 0 0 0 0 0 0 0 0 0

veh removed 50 | 100 75 50
Run type D D D D D D D S S S S
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Origindly, more than 50 smulations were conducted. In the next section, only the best
30 are shown with some detail. All drategies and parameters used here were carefully
tested in order to have an idea of the impact of each smdl rule on the overdl system
performance. The fird two columns of the table are the vaues assumed for the
parameters , and , added to the cost function in (4.28) and (4.52). The row
repogtioning indicates if the vehicle repogtioning drategy is implemented or not. Most
of the other parameters were dready explained. MAXXC and MAXYC corresponds to
the maximum search area for deciding candidate segments and vehicles (findly, after the
first experiments, it was set at 4000 meters). The lagt four parameters are associated to
the queuing strategy summearized in Section 4.6.1.1.

Status veh rer time is a paameer that identifies the drategy utilized in the
trangtion between not-reroutable and reroutable portions of the vehicle trip. If this
parameter is equa to 1, means that the first drategy in Sectiord.6.2.2 is implemented. If

the vaue is 2, it refers to the second drategy, involving a critica vaue of the cumulaive

time on board TR, (Kk)in the decison. This last drategy performs much better than any

other, and that iswhy it was used in most experiments.

Pick_dtate? is a parameter that indicates if the vehicle stays as a candidate for
picking-up new customers while it is moving towards the trunk portion of the route, in
which case thisfactor is 1, O otherwise.

For senshility andyds a percentage of the fleet it was removed, proportionaly

to the fleat didtribution discussed above in Section 7.1.3. The number of vehides so
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removed for sengtivity studies are shown in one row of the table for each smuldaion

run. Run type D isfor deterministic cost function and type S for stochagtic runs.

7.2 Simulation Results on the Impacts of HCPPT

7.2.1 Overview

In this section, the find results of the smulation experiments are presented. In the next
subsection, the cdibrated models needed for running the stochastic case are shown.
Next, a summay of the dmulaion results with a petinent andyss ae shown and

discussed at length

7.2.2 Calibration of Stochastic M odels

As mentioned in Chapter 5, it has been assumed that the process of vehicle-customer
assignment can be described as a discrete (binary) regresson moddl.

In this paticular modding framework, y can be defined as 1 if the dispaiching
module decides to assign a combination vehide-segment-customer, 0 otherwise. The
right-hand sde variables, or independent variables, were chosen as the ones that should
better explan the minimizing cost behavior of the dispaiching module when taking
assgnment decidons, given the feashility condraints of the problem discussed in
Chapter 4.

In this experiment, only a logit binary mode was consdered in the cdibration
procedure. In most of cases, even though only the observaions happening within the

cachment area were conddered, the number of obsarvations where the insertion is
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rgected is consderably higher than those observation of favorable cases (the insertion
was accepted). This Situation creates some problems in the cdibration of a binary probit
mode, snce there is no way to peform the matrix inverson according to the method
explaned in Appendix to Chapter 5. In the case of the logit mode, there is no such
problem if the cost (or disutility) associated with the rgected dternatives is big enough
for those insation dterndives to have no red chance of getting accepted (Ben-Akiva
and Lerman, 1985; McFadden, 1978).

As dated in Chepter 5, by assuming that the cumulaive digribution of the error

() isthelogidic distribution, we obtain the logit modd. Andyticaly

PAS, (ATTR, (k,k +1),DCT(q)) = Prob(y, =1) = Prob(y, >- B'x,)

, 7.3
=1- F(-B'x) "9

where

P, (k,k +1)

Bx =B+ B E[PS] + B, TR; (K) + B, WP (k,k+1) + B, DCT(q) (7.4)

In this case, under the logit mode assumptions

o eplBX) 1
F - ) = . = - 75
P om-Bx)  Iren(Bx) (79)
hence,
PAs, (ATTR, (k,k+1),DCT(q)) =1- F(- B'xi):M (7.6)
1+exp(B x;)
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The collection of observations is performed under the same scheme as that detailed in
Chepter 5. The expected pool sze E[PS] is taken directly from the assumed Poisson
digtribution (equasto 1.5).

In a firg attempt, 10 different modds like that of expresson 7.4 were estimated,
one different modd per hub area, and under two different conditions of operation, with
and without implementing the queuing dralegy a hub terminds. The data for the
edimation is taken from smulations 17 and 27, both described in Table 7.5. The
edimation of the coefficients from a sample Sze obtaned during the mog intensve
operation interval (say from 30 to 40 minutes of smulation) and the corresponding tests
of sgnificance are presented in Tables 7.6 and 7.7.

The description of the Satigtics and Sgnificance tessis the usudl.

- 2[L(0)- L(b)] is the dtatistics used to test the null hypothesis that al the

2

parameters are zero, and it is asymptoticaly didributed as with K degrees of
freedom. In this case, K = 5, and the criticd vaue a the 0.01 levd of sgnificance is
15.1. Therefore, by observing the value of the datidtics, it is possble to rgect the null
hypothesisin dl cases.

In addition - 2[L(c)- L(b)] is used to test the null hypothesis that al the

parameters other than the congtants are zero. It is asymptotically distributed as 2 with
K-1 degrees of freedom. In this case, K-1 = 4, and the critical value a the 0.01 leve of
ggnificance is 13.28. Therefore, again it is possble to rgect the null hypothess in dl

cases.

Notice that p* and EZ arereasonablein dl cases.
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Findly, an asymptotic t-datistics greater than 2 in absolute vaue is expected for
esch coefficient estimate to congder a robugt explicative contribution of each specific
vaiable to the modd. Tha happens with dmogt dl variables, except when estimating

B,, Which is the parameter associated to the variable TR, (k), indicating that it is not
dear if TR;(k)is redly an explanatory variable in this process There are some

exceptions, paticularly when modding with termina operaion, however in those cases
the vaue of the coefficient itslf turns out to be not sgnificant.

With regard to the sign of the coefficients and the importance of each of the
varidbles consdered in the modd, notice that the follow exactly the expected behavior,
vdidating the dructure of the modd as a whole. Actudly, the only varidble that should
favor the chance of having an insartion on a specific segment is the available space on
the vehicle while entering that segment (pogtive sgn). All other varigbles have negdive
contributiors, because they are introduced to incorporate the pendties of such an

insertion for a routing decison. The exception is mode 1 with terminal operation for the

caeof TR, (K), but the coefficient in that casesis not significant a dl.
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Table 7.6

Estimation of a binary logit choice mode (with terminal operation)

Modd Hub 1 Mode Hub 2
Coefficient  std_error  t-statis. coefficient std_error t-statis
Bo -4.2453 04174 -10.1702 Bo -4.0924 05678 -7.207
B 0494 0.0023 54123 By 1.0619 0.1542 6.8858
B, 0.0001 0.0001 0.8245 B, -0.0006 0.0002 -35393
Bs -0.1141 0.0944 -1.2082 Bs -0.3197 0.1006 31782
B, -0.0012 0.0003 -4.6541 B, -0.0015 0.0004 -3.377
Summary statistics Summary statistics
# of cases 5721 # of cases 3038
L(0) 39655 L(O) -2105.78
L(c) -686.963 L(c) -498.974
L(b) -653.972 L(b) -435.368
- 2[L(0)- L(b)] 6623.045 - 2[L(0)- L(b)] 3340826
- 2[L(c) - L(b)] 65.9804 - 2[L(c) - L(b)] 127.2117
p? 0.8351 p? 0.7933
—2 0.8338 —2 0.7909
p [o)
Modd Hub 3 Mode Hub 4
Coefficient  std_error  t-statis coefficient std_error  t-statis
Po -2.2801 05494 -4.1505 Po -36352 04517 8.0482
B 0.6825 0.1374 4.9672 B 1.1147 0.1158 9.626
B -0.0007 0.0001 4574 B -0.0005 0.0001 43936
Ps -0.5017 0.1035 -4.8465 Ps -05106 0.0785 6.5071
Pa -0.0005 00004  -1.1193 Pa -0.0015 0.0003 ATT34
Summary statistics Summary statistics
# of cases 2903 # of cases 6169
L(0) 201221 L(0) 427608
L(c) -480.784 L(c) -46.14
L(b) 431684 L(b) -81921
- 2[L(0)- L(b)] 3155.045 - 2[L(0)- L(b)] 6913.627
- 2[L(c) - L(b)] 92.2007 - 2[L(c) - L(b)] 2538496
p? 0.784 p? 0.8084
—2 —2
p 0.7815 p 0.8072
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Table7.6 (contd) Edgtimation of a binary logit choice mode (with terminal

oper ation)
Modd Hub 5
coefficient std_error t-statis.
Bo -5.1955 0311 -16.7059
By 11423 0.0725 15.7646
B, -0.0001 0.0001 -15321
Bs -0.399 0.0577 -6.9096
By -0.0012 0.0002 -7.0443
Summary statistics
# of cases 20368
L(0) -14118
L(c) 217575
L(b) -1939.22
- 2[L(0)- L(b)] 24357.61
- 2[L(c) - L(b)] 473.0602
2
p 0.8606
—2
[ 0.8623
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Table7.7

Egtimation of a binary logit choice model (without terminal

oper ation)
Mode Hub 1 Modd Hub 2
coefficient std error  t-statis. coefficient std_error t-statis
Bo -34707 0.381 -9.1087 Bo -3.9092 03115  -125507
By 0.5059 0.0001 5.6162 By 0.6078 0.0731 83171
B, 0 0.0001 -0.3748 B, -0.0001 0.0001 -11711
Bs -0.4035 0.0819 -4.9237 Bs -0.2363 0.0583 -4.0561
By -0.0009 0.0003 -3.628 By -0.0011 0.0002 -5.3513
Summary statistics Summary statistics
# of cases 5966 # of cases 9238
L(O) 413532 L(O) -6403.29
L(c) -707.88 L(c) 122333
L(b) 666,681 L(b) -113859
- 2[L(0)- L(b)] 6937.271 - 2[L(0)- L(b)] 1052941
- 2[L(0) - L(b)] 823934 - 2[L(0) - L(b)]
169.4926
2 2
P 0.8388 0.8222
—2 —2
P 0.8376 P 05214
Modd Hub 3 Modd Hub 4
coefficient  std_error  t-statis coefficient std_error t-statis
Bo -3.726 0.275 - Bo -4.1048 0.2581 -15.9036
13.5507
Bl 0.6419 0.0639 10.0519 Bl 0.7605 0.0597 127322
Bz -0.0001 0.0001 -1.0776 Bz -0.0001 0.0001 -1.0371
Bs -0.3033 0.052 -5.8283 Bg -0.2819 0.048 -5.8714
B -0.0013 0.0002 -6.7689 B -0.0014 0.0002 -8.0402
4 4
Summary statistics Summary statistics
# of cases 12528 # of cases 15746
L(O) -8683.75 L(0) -10914.3
L(c) 172323 L(c) 217912
L(b) -1507.44 L(b) -1994.6
-2 [L(O) - L(b)] 1471261 ) [L(O) - L(b)] 178394
-2[L(Q)- L] BT - 2[L(9) - L(b)] 369,009
2 2
0.816 0.8172
—2 —2
0.8155 0.8168
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Table7.7 (contd) Estimation of a binary logit choice modd (without terminal

oper ation)
Modd Hub 5
coefficients  std_error t-statis.
Bo 4632 0.2252 20,5657
B, 0.8648 0.0514 16,8105
B, 0 0 -0.0894
B; -0.3299 0.0427 77188
B, -0.0013 0.0001 -9.3966
Summary statistics
# of cases 29850
L(0) -20690.4
L(c) -3407.81
L(b) -312558
) [L(O) . L(b)] 35129.72
- 2[L(¢) - L(b)] 564.4543
2
p 0.8489
—2
o) 0.8487

In view of dl previous comments, the esimation was repeated but now removing

TR, (k) from the model, obtaining afunctiond form like this

P, (k. k+1)

Bxi=BO+Bl E[PS]

+ B, WP, (k,k+1) + 3, DCT(q) (7.7)

In this case, the obtained modds are smilar than those obtained above, and in al cases

the previous conditions and comments are fulfilled.
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7.2.3 Summary and analysis of ssmulation results

In this section, a summary of the results of al smulations described above is presented.
Firg at dl, a generd description of the performance of each run is shown in Figures 7.11
to 7.17, in terms of waiting time a both, home and hub, tota ride time, for both internd
and externa trips, and average load condgdering the reroutable and non-reroutable
portion of the trips. Let us firg take a look to the averages waiting times a home and

hub.

Average waiting time at home

Time [min]
12

10 1

Simulation #

Figure7.11 Average waiting timeat home

For a red-time response system like HCPPT, average results in terms of waiting times
seem quite reasonable, with vaues around 10 minutes a home, for a sysem where cdls
are entering without previous natice, and smilar vaues of waiting a terminds.

The stochastic runs (30 to 33) do not seem to yied much better results in terms
of waiting times. That fact is possbly due to the limitations in the proper modding of

the stochastic component of the waiting time (see Section 4.3.2.3), and also due to alack
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of cdibration of the parameters involved in the wating time portion of the cost

formulation.

Average waiting time at hub

Time [min]
18

16

14 -

12 1

10 1

o N EN o [«
! ! ! ! !

Simulation #

Figure7.12 Averagewaiting timeat hub

All smulations that incorporate the queuing sStrategy developed in Section 4.6.1.1 (for
example, smulations 23 to 29, 31 and 32 in the stochastic case) in generd present an
improvement in waiting times, in some cases sgnificant both at home and at the hub.

It is dways an improvement to incorporate vehicles in date 2 as pat of the
candidate st in terms of wating time When vehicles are removed, waiting times
increase, but not very much. This comment is important, particularly when andyzing the
vehicle |oad next.

Let usnow andyze the ride times associated withdl the find smulations.
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Total ride time external trips

Time [min]
46

44

42

40 A

38 4

36 1

34 1

1718 1920 2122 23 2425 26 27 2829 30 31 3233

Simulation #

Figure7.13 Total ridetimefor external trips

In this case, dochagic dmulations perform very wel in teems of ride times when
compared with determinigtic runs under the same conditions.

In addition, notice tha incorporating queuing drateges adways improves the
solution in terms of ride times. From figure 7.14, it is possble to conclude that the
operation complements the service of interna trips quite wdl, reaching very reasonable
ride times. The impact of queuing draegies is cler when we compare Smulaions 17
(without queuing) and 18 (with queuing) under the same conditions.

Ancther important strategy is the repostioning of vehicles when no other task is
assgned to them (Section 4.6.21). These dmulaions dways show better system
performance when such repositioning is attempted. The use of a proper rule for deciding
when the vehicles must enter the trunk network (Section 4.6.2.2) dso improves the

performance and was thus included in most Smulaions.
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Internal trip ride time

Time [min]
12

10 1

1718 19 2021 22 23 24 25 26 27 28 29 3031 32 33

Simulation #

Figure7.14 Total ridetimefor internal trips

As in Chapter 3, the system performance measures discussed by Black (1995) are
adopted in order to andyze the sysem desgn efficiency and performance under

different Imulation conditions and different demand levds as wdl. Let us fird define

the level-of-serviceindex e hublevel . asfallows

_ Average passenger waiting time at pick - up location

—— (7.8)
Average door - to - door ride time

where the denominator ride time is caculated as the average door-to-door ride time from
hub i to dl the adjacent hub destinations. Another performance index is introduced here,

theridetimeindex p defined a sysem leve. Thet is
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_ Average vehide ride time
Average door - to - door ride time

The door-to-door ride time is the time of travel when no other passenger is picked up.
The average door-to-door ride time is computed from particular vehicles in PARAMICS
in a separate caculaion. The average between hubs is an average of the vaue obtained

between cdls. For computing the value assigned to each pair of cdls, the corresponding

PARAMICS zones belonging to each cdl had to be identified.

Level of service index

0,350

0,300 1

0,250 1

0,200 +

0,150 1

0,100

0,050 1

0,000 -

272829 3031 3233

Simulation #

Figure7.15 Level of serviceindex

Waiting times up to 11 minutes a pick-up are very reasonable for this system.
comparable to taxi services and possibly somewhat better, and it is much better than the
reported vaues for the dial-a-ride services of the past. It is dso quite better than the

waking and waiting times in fixed route trangt services. In addition, waiting time can be

353




rescheduled to other activities if the pick-up is a home, unlike in the traditiond trangt
sarvices.  This is a dgnificant factor to consder in the “red” cost the passengers
percelve towards the waiting times.

The (level of service index) vaues represent the importance of the waiting time
a home compared with the ride time itsdlf. Previous DRT systems have shown vaues up
to even 2 or 3 (i.e, waiting times were two to three times travel times) which were rather
unacceptable.  The smulations have consgently found vaues between 0.2 and 0.3.

=0.26 means tha for a 20 minute trip, the user mugt wait around 5 minutes until
savice. The transfer waiting times a hubs are low enough; no more than 15 minutes in
the worse case, which shows that a high coverage system can indeed provide acceptable
transfer options. However, there is a tradeoff between these two indices, reflected
through the adopted routing drategy. Different amulations can yidd results thet
decrease the home waiting or hub trandfer time at the expense of each other.

The ride time index, on the other hand, shows the rate between door-to-door
sarvice ride time and the resulting ride time provided by our sysem. So, p= 1.10 means
that the ride time provided is 10 % more than that provided by a competitive door-to-
door service. On the other hand, for higher p values does not exceed 1.206 (see Figure
7.16), which is in any case, better than the vaues reported in previous DRT experiments,

and better than the vaues reported in Chapter 3 for the spatid smulation.
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Ride time index
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Simulation #

Figure7.16 Ridetimeindex

Findly, the productivity of the sysem operating under these conditions is measured by
the average load (in passengersivehicle), split into reroutable and non-reroutable
portions. A summary of that measure for the whole system is shown in Figure 7.17.

As expected, in dl smulations the nonreroutable portion shows greater load
than the reroutable portion load, showing the advantage of implementing a system like
HCPPT, where vehicles can feed other vehicles a transfer points, incressing the overal
productivity of the entire system.

The highest average load (3.13 pax/veh) is obtained for a smulation where 75
vehicles were removed from the total fleet. In such a case, the totd ride time did not
change condderably compared with others that could be consdered better (42.44

minutes versus the minimum ride time which is 37.82 minutes).
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Figure7.17 Productivity of the system (Average |oad)

Therefore, this implies that the flest Sze aspects should be explored further aong with
additiond routing draegies Stochestic runs are not paticulaly good in terms of
productivity, snce the cost function does not explictly condder this effect in the

sochadtic formulation.

7.3 Final remarks

In this chapter, a summary of dl expeiments peformed in the context of this
dissertation is presented.

This gpplication over a red network coded a a microscopic level was very
successful, in both methodologicd and numericad terms. Further research is needed in
order to adjust and cdibrate some of the parameters for improving the obtained

solutions. In addition, a sengtivity andyss from the demand standpoint has to be carried
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out, in order to dudy the senghility of the desgn itsdf under different demand
conditions. Such experiments are very useful in order to decide the critical conditions
needed for the proposed system to work properly. In terms of running times of the
dgorithm, a summary of the required computation, split into the pick up decison part

and the whole decision every time a new group of cdls has to be routed, is presented in

Figure 7.18.
RUNNING TIME ALGORITHM —+—Running Time
Time[min] —=—Pickup
24
i A
18 /~|/'
6 /
iy / . /
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AV AR VA ./~
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o+ FFTTrTTTIT T T T T T T T T T T T T T T
1234567 89 101112131415 1617 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33
Smulation #

Figure7.18 Algorithm running times summary

As shown in the figure, running times are negligible due to the smplicity of the
insartion dgorithms as wel as the additiond smplifications and practicad considerations
added to the smulations. This fact is very important when we consider running this kind
of draegies in red-time as required by the scheme to work. As expected, stochastic
dgorithms are more time consuming than the deterministic ones.

In the find chapter, a brief economic anayss is preformed in view of the results

discussed here.
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8 SUMMARY AND CONCLUSIONS

81 Summary of the Dissertation

This dissertation research proposes the development and evauation of a new concept for
high-coverage point-to-point trangt sysems (HCPPT). The sysem is a radicdly new
operational scheme for mass trandt that relies on a large number of smdl trangt vehicles
routed usng advanced communication technology and red-time gochastic control
dgorithms.

Overdl, three mgor contributions can be identified as the core of this research:
the proposed scheme design, the development of sophisticated routing rules that can be
updated in red-time to implement and optimize the operation of such a desgn, and the
implementation of a multi-purpose smulation platform in order to smulate and evduate
such adesign under red network conditions.

In Chapter 3, the details of the concept were described, outlining its features and
the flexibility of potentid operationd schemes. The desgn is based on Jtney or Shuttle-
syle operations with a large number of deployed vehicles under a coordinated transt
sydem that uses advanced information supply schemes with fast routing and
optimization schemes. The sysgem dedgn is rather innovative in the vehicle operation
scheme and ensures that no more than one transfer is needed for the travelers, by usng
transfer hubs as well as reroutable and non-reroutable portions in the vehicles trave

plans. It yidds flexibility for demand-side benefits from options such as price incentives

358



for time-bound “passenger-pooling” a the stops without degtination condraints to the
users.

In Chapter 4 and 5, the red-time routing dgorithms are presented. This is a
sysem paticularly suited for fast red-time routing schemes based on optimized vehicle
section dgorithms and decomposed locd solutions for the “pick-up-and-ddivery”
logigtics. A drict optimization formulation and solution for such a problem s
computetiondly prohibitive in red-time. The desgn proposed in this dissertation is
effectively geared towards a decomposed solution usng detalled rules for achieving
vehide sdection and route planning. If red-time update of probabilities based upon
modding the future dispaich decisons is included, then this scheme can be consdered
asaform of quasi-optima predictive-adaptive control problem.

In Chapter 6, a multi-purpose smulation platform developed for this research is
presented. This chapter discussed the need for developing more comprehensive urban
transportation network dmulation environments that go beyond the conventiond
microscopic  Smulation models that have largely been auto-centricc. A candidate
framework to devdop such smulations and presented the application of such a
framework for certain smulaion contexts. In particular, the smulation framework has
been applied to the HCPPT sudy, dlowing the modder to smulate and evduate the
proposed system under various supply-demand conditions. There were two motivating
factors for such microscopic smulations.  One, the need to sudy the “devil in the
detalls’ in a sysem that has a lot of details and parameters, with the performance being
intricately dependent on red-time routing rules which in turn depended heavily on

network dynamics, making options such as Monte Carlo travel time smulations usdess.
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The second motivation is the recent interet among practitioners towards the use of
micro-amulation and the renewed interest among researchers in conddering such
amulations as a potentidly viable option in the future, especidly with commercid
software vendors entering the market place in a bigger way than in the past. A proper
smulation of the sysem agppeared to be a necessty to convince those who may not
eadly be convinced by the theoreticd arguments presented a the outst of this
dissertation.

However, the find dgmulations of HCPPT required point-to-point vehice
gmulation, which is not possble with off-the-shdf gmulators. The gmulation
framework did utilize a wedl-known microscopic traffic Smulator, though it was
gonificantly modified for demand-responsve vehice movements and passenger
tracking, this eventudly leading to the deveopment of a multiple vehide-class generd
purpose microscopic smulator that could model a variety of fleet systems.

In Chepter 7, the implementation of the operationd scheme was evduated via
detalled smulations, carefully examining the routing rules and drategies developed.
Ilugtrative results from a smulated case study in Orange County are then shown. The
find gpplication required a highly detalled network treatment, the consderation and
dudy of supply issues, termind operdions and in generd the implementation of dl
relevant smulation detals. After conducting severd runs, under different routing and
operationd drategies, smulation sudies showed that with enough deployed vehicles,
the sysem can be subgantialy better, even competitive with persond auto trave,

compared to the often-unsuccessful traditiond DRT systems and the exigting fixed route
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public trangt. Furthermore, HCPPT can be incrementaly implemented by contracting

out services to existing private operators.

8.2 Conclusions and Poalicy I ssues

This dissartation originaed from a dmple idea for desgn and operdion of a trangt
sysem that could be somewhat competitive with the automobile. In a firg attempt, the
sysem was smulated and evaluated under very smplistic conditions (see application
and spatid smulation in Chapter 3), obtaining more promising results in terms of the
level of sarvice and productivity than in previous DRT systems as reported in the
literature.

After this fird experiment, the design gppeared to be sufficiently attractive and
interesting for it to be sudied more carefully. The next task was then to develop a much
more eaborae design dong with sophidicated routing rules  This led to sSgnificant
research that started with insartion based heuridtics for vehicle routing and culminated in
the development of a red-time stochadtic-predictive control scheme for a trangt system.
(as in Chapters 4 and 5). In fact, the approach is rather different than in conventiona
trangt research, in that it views the HCPPT system to be effectively a redl-time feedback
control scheme applied to trandt with notions of optimality and digtributed solution
schemes.

Findly a case sudy was undertaken with a large Orange County network with
the smulations yielding, under severd conditions, even better results than those obtained
in Chapter 3 for the gpatid sSmulation gpplication. Results were not economicaly

evauaed in the context of this sudy, however, there are some very important ingghts to
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be consdered in further economic evauaions and implementations of a sysem of this
characterigtics.

Next, some of the most relevant issues from the whole process are addressed:

One of the mgor characteridics of the scheme is the “high-coverage’ fedture, in the
sense of having a grest number of avalable vehides everywhere a any time, which
make it didinguishable from other DRT desgns. This particular issue makes the
sysem highly responsve to service requests in red-time. That is dso one of the
reason of why the system was studied for serving dynamic demand generated in red-
time with no previous knowledge of both the location and time of generation, by the
digpatching dgorithm.

In Figure 7.11 (Chapter 7) it is clear that the system is responding to the service
request for trips to adjacent hub aress quite competently. That is, the customer has to
wait for around 10 minutes for service for a trip of 40 minutes ride time, which is
quite competitive with any other mode with high level of service, even the persond
automobiles. For trips within the bug area, however, the waiting time to ride time
ratio (level of service index as defined before) does not seem to be very attractive,
snce the interna trip ride time is quite low (about 10 minutes too). However, the
sysem was originaly desgned to serve externd trips more than internd trips, and
for them it peforms quite wel. It is not useful to keep reducing the average (and
individud) waiting time a& home from the vdues reported in the Chepter 7
experiments by adding more vehicles, because the vehicles would then be idle for

much more time, thus sacrificing the good productivity levels obtained in most
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gmulaion . This is one of the reasons of why internd trips traveling done (without
pooling with at least one externd passenger) were removed from the demand data set
when preparing the smulation experiment. It must be noticed anyway that the
internd travel times are very comparative with an dternative straight door-to-door
savice. This responsve feature could have a very dramatic impact on the potentid
demand for such a service, conddering that the waiting time a hubs is dso very
reasonable (in some cases close to 10 minutes too).

In addition, the discomfort associated with &l situations where the customers has
to wait, whether it is a home or indde a termind, could be diminished by adding
information systems that greatly reduce the user uncertainty. At home, for example,
the company could implement an Internet web page with information in red-time
about the exact location and the expected time of ariva of the vehicle assigned to
every Soecific cusomer waiting for being picked-up. In case of teminds it is
important to keep digplays with vehicle locations and expected ariva times by
dedtination everywhere. In addition, al this information should be clear and smple
to be understood by any passenger. Terminds should aso be equipped with coffee
shops, comfortable seats, a closed and protected waiting space in case of bad

whether, etc.

An important comment that could arise from the results shown in Chapter 7, is the
importance of the specific drategy to be applied a different stages of the scheme,
regading both vehide avalability for insating a new pick-up and passenger

management a hub level. It is important to implement drategies that can keep the
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termind queues dmogt empty, as in most cases in which vehides in date 2 were
alowed to pick-up new cals as astrategy.

The queuing drategy a terminds is dso a criticd factor in terms of reducing
both ride time and waiting time a hubs. In this dissertation, a very smple scheme
was implemented in order to manage passenger assgnment according to spatid and
temporal consderations. More work is possible in improving the drategy and dso in
cdibrating some parameters in the formulation of the heurisic rule.  The schemes
provided here for queue management are however a very good darting point, the
results showing consderable improvement in efficiency and level of sarvice It must
be noticed that the implementation of such a scheme requires a very important
investment in technology, since the passenger-vehide assgnment at any particular
hub is decided based on information (location, occupancy, expected time of arrivd,
efc) regarding dl vehicles coming from any other adjacent hub. In addition, the
decison of leaving the trunk network by those vehicles could change in red-time
depending on the number and features of passengers arriving at hub over time.

Other drategies, such as repogtioning of vehicles in red time when no other task
is assigned to them, and dso the decison on dther sending vehicles to the trunk
network or keeping them within the reroutable area, are not smple and depend on
sverd factors, paticulaly the use and access to information technology. These
drategies showed some impact; however, the red contribution of each heurigtic by

itsdf is herd to measure in the rdatively limited set of smulations here.
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The adaptive-predictive control scheme developed in Chapter 5 and implemented in
the last reported smulations (see Table 7.5) showed a contribution in capturing
correctly the trave time between stops. That is why there is an improvement in
extend ride times when condgdering the dochadtic formulation under the same
conditions of the deterministic case. However, there is no percelvable improvements
in productivity and waiting times due to stochastic control schemes. In case of
productivity, it is not clear how the introduction of dochedic terms in the
incremental cost  formulation impacts occupancy, the primary indicaior of
productivity as defined here. On the other hand, in case of waiting time it is
necessty to make a sendtivity andyss with respect to the parameters associated
with the walting time components in the formulaion. The only way to accomplish
that is by congructing a scenario isolating the reroutable part of the system, probably
with less vehicles running, in order to capture the red impact of each component of
the unknown cogt function in the formulation of Chapter 5. A possble approach to
dedl with such a problem is roughly presented in Section 8.3.2 next.

With regard to the economic impact of the implementation of the system, notice that
a sysem like this should be actudly able to attract potentid demand from the
automobile. A careful and involved sudy must me peformed before meking a
dronger satement on this.  However, if a reasonable demand levd can feed the
sysem, it is possble to obtain reasonable productivity levels a leest in view of the
smulation results shown in Chapter 7. With occupancy levels higher than 3 pax/veh,
dong with very reasonable waiting and ride times, it is possble to offer very

reasonable fare levels to the customer, much less than what a user would pay by
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taking a taxi for the same trip, but with possbly even better service than in taxis in
some cases, if we disregard any disutility from having to share the vehide with other
passengers.

Let us suppose that the operationa cost of HCPPT is about the same as that of a
traditiond DRT system, for an average trip of about 10 miles (that is what the
proposed scheme is covering between adjacent hub zones). The actud expense in
current DRT systems are up to nearly $20 per vehicle trip (Dessouky, 2002). For the
sametrip, ataxi service would charge about $ 20 per passenger.

Nowadays, a fixed-route transt sysem shows operationa costs of about $ 4.0
per passenger. State subsidies up to 75% or more are norma in the fixed route US
urban trangt which change $ 1.0 or less per passenger trip. With the productivity
levels reached by HCPPT, one could charge a fare of about 20/3»$7.0 per
passenger, using the costs mentioned above for DRT type services. Another smple
argument why the sysem could be operated with such fares is tha taxi sysems are
dready able to break-even with fares up to $1.5 or $2 per passenger mile.  With
nearly 3 times as many passengers due to higher occupancy and with lesser idle time
for the driver, it is not impossible to bring the cogts down to 0.75 or lesser per mile
per passenger.  With any reasonable level of subsidy (say even 30 %), a fare d $ 5.0
per a trip of 10 miles is quite possble, the crux of the argument here primarily being
based on occupancy. The sysem will very attractive when compared with even a
personal auto option but without the parking related worries. In addition, leve of
savice indices ae dso very competitive, showing that this scheme could atract

enough demand to make it work. Traditiond DRT systems are not comparable, since
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they reach low occupancies (about 1.39 on average as shown by Black, 1995) as well
as poor levd of service and ride time indices, resulting in low demand leves and
vay few vehides running on the sarvice network & any time. All these prdiminary
numbers make the idea very interesting and candidate to be deeper studied,
paticularly regarding demand-side potentid as well as acceptability by operators
and contractors. These issues are andyzed in the next section as future lines of
research.

On the other hand the very smplisic cost andyss above is cetanly not
aufficient to judify the sysem. Myriad other issues need to be considered. The most
important would be issues such as union rules of the drivers liability meatters, and
ADA requirements. Despite dl that, there are clearly severa arguments in favor of
implementing such sysems incrementally using exising taxi operaors to operate
HCPPT services for a public trangt agency. For various reasons, the taxi companies
may a firs object to public trangt agencies encroaching into their territory, but it is
adso possble that they would view it as an opportunity to derive sgnificantly higher
utilization of drivers and vehides Being even pat-time patners in a public/private
scheme with a coordinated sructure and with more public credibility may be viewed
as advantageous by iding taxi and shuttle operators. The public trangt agency can
avoid huge capitd cods in implementing the sysem by contrecting out the
operdtions as wdl. Once the higher demand for such sysems gsat materidizing it

can be expanded further.
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The point remains that the posshilities are rather endless in HCPPT thanks to its
flexibility. Much further research is needed before it can be implemented in practice,

however.

8.3 Further Research

In this section, the most important issues to be explored in the future as a continuation of
this research are outlined. Some of them have been thought and developed deeper than
others in the context of this dissertation. Regardless of the analysis devoted a any case,
in this section &t least the potentid lines of research needed for each topic are addressed .

In the next subsection, one of the most relevant issues regarding the success of
the implementation of the HCPPT scheme and out of the scope of this dissertation is
discussed: The treatment and modeling of the potentid demand for this system. Next,
other issues rdlated to optimality of the routing rules under a control theory scheme are
briefly discusses, findizing with some smulation issues not completdly developed in

this dissertation.

8.3.1 Treatment of the demand

8.3.1.1 Relevance

The proposed scheme has potentid to dgnificantly add to the date-of-the-art in trangt
sysdems concepts.  The modd, if it can be proved feasble from the demand and
inditutiond dand point, could then be incrementdly implemented in many urban

contexts by contracting existing private transport operators to be part of a coordinated
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trangt sysem.  Improved efficiency of the trangortation sysem and sSgnificant
improvements in mobility and accesshility is a direct result if the idea is practicable,
Therefore, it is clear that a very dtractive line of research could yidd the demand-side
indghts that would drive the development of such systems or even their demise.

Performance and Supply sde studies as part of this research have demonstrated
that many of the initid intuitions on how to handle the problems with DRT schemes of
the past usng modern information technology have been proven correct so far in

smulations. The demand study is what needs to come next.

8.3.1.2 M ethodology

An initid proposd focuses carefully on the demand and inditutional sides, to support or
disprove our clams on the feaghility of HCPPT. The focus in this proposed research is
on three aspects — (1) the acceptability of the sysem from the trandt agency sde, as well
as the private operator agency Sde if it is implemented with contracted-out service; (2)
the acceptability from the operators, primarily drivers and other trangt unions workers,
and (3) the detailed demand-side responses towards the concept from potentia travelers.
As the system does not exist yet, Delphi techniques, stated preference (SP) surveys, and
findly SP sudy of reveded behavior of people (passengers) making decisons in a
laboratory smulator environment are proposed. The Ddphi survey is for quditetively
measring the feeshility of the HCPPT sysem taking into account the opinions of a
variety of experts taken from Federd Agencies, Trandt Operators, Driver Syndicates,
eic. The desgn of the questionnaires will follow the generd rules described in the

literature, but oriented to an exploratory and quditative survey, providing a useful st of
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indghts into practicd feashbility. With respect to the desgn of a potentia user survey
experiment, a brief background regarding SP and RP (reveded preference) studies is
presented later in this Chepter. The decison behavior of the users in a laboratory
amulation is technicdly not RP which should be in the red-world decison context.
Severd of the econometric modd building aspects are however identicd to RP, in the

case of |aboratory discrete choice experiments.

The Delphi method

One of the key issues in the kind of system proposed here ever becoming a redlity, is the
inditutiond inertia agang change in trandt paradigms. No modes exis that are
directly agpplicable in finding to what extent a new sysem such as HCPPT is possble.
The sysem can be implemented in incremental manner when it would be augmenting
exiging sygems in margind ways and dowly developing towards more comprehensve
sysems. What inditutiona issues are involved in this, needs to be studied, and a Dephi
method of asking sdected participants in repeated interviews, would yield indghts into
sverd of such factors. This study is redly a Ddphi survey sudy, however, the
techniques involved are quite varied. For extensve reviews of techniques for Delphi

please see Adler et al. (1996), Helmer (1977), and Brockoff (1975).

Stated and Revealed Prefer ences M ethods

Given a st of beiefs about the attributes possessed by product alternatives, consumers
develop a preference ordering for products, and depending upon budget (or other

condraints) make decisons about whether to purchase smilar behavior is often assumed
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for travel decisons, as is wdl-known. This process framework gives an explanation of
the choice behavior in a physcdly observable way, where psychologicd varidbles are
aso included in building and cdibrating utility (preference) functions.

Depending on the andyd’s objectives, explanatory variables a one level can
sarve as ingruments for messures a other levels of the consumer’s behavior, providing
an opportunity to reduce specification errors and improve efficiency. The popularity of
SP methods is now seen in the many travd surveys, which incorporate some from
preference or choice experiment, sometimes to complement reveded preference (RP)
data and sometimes as the only empiricd means of sudying a particular behaviord
response.

A daed preference andyss follows a controlled experiment, with a series of
urvey questions diciting a response to dternative combinations of levels of attributes.
A good experiment is one that has a sufficiently rich set of attributes and choice
contexts, together with enough variation in the attribute levels necessary to produce
meaningful behaviora responses in the context of the drategies of sudy. This sudy
should use wel-developed survey techniques (for detals, see JJ. Louwviere, D.A.
Hensher and JD. Swait, 2000, which is an excdlent and updated review of dl SP/RP

techniques).

Supplier response: Exploratory survey experiment

In this dissertation an eaborate smulation mode was daborated. The Orange County
network was used as the bass with detaled microscopic smuldions of vehide

movements, dwell times, passenger generation, and congestion-effects.  This yidds the
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kind of empiricd study tool that agencies can use for sudying the effectiveness of a
demand-responsive trangt system like HCPPT. However the rea contact with agencies,
operators, drivers, etc., through a qualitative Dephi type-survey experiment will provide
a better understanding of the necessary conditions required to implement such a scheme.

The Dephi method presented above makes use of a pand of experts, sdected
based on the areas of expertise required. In this case, agency representatives, public and
private trandt operators, and driver representatives could be chosen. The notion is that
wdl-informed individuds, cdling on thar indghts and experience, are better equipped
to predict the future than theoreticd approaches or extrgpolation of trends. Their
responses to a series of questionnaires are anonymous, and they are provided with a
summary of opinions before answering the next questionnaire. It is believed tha the
group will converge toward the "best” response through this consensus process.

Detailed smulations can show the kind of sociad and economic factors to be
conddered in the desgn of the quedionnaires. Under possble public-private
cooperation, the exisence of subsdies in the operation of the sysem and the possible
indtitutional support are issues to be explored in the devedlopment of these Delphi pand
experiment desgns. All these factors are fundamental in order to compare the operation
of such a sysem againg a more typicd DRT scheme, which are usudly low-coverage
systems for specific purposes (service for the elderly, handicapped, etc.).

Private provison of public trangport is a topic of much recent discusson. As a
matter of fact, severd case dudies of the role of politics as agangt economics are
currently available, showing how trandt services get supplied (J. Richmond, 2001).

HCPPT is a scheme that may developed with private jitney, shuttle or even a taxi
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companies, under proper regulations, fare structure and operational rules governed by a
trandt public agency. A quditative messurement of the public acceptability regarding
dl these prdiminary ideas should be explored in the context of the aforementioned

Delphi study.

Usar response: Exploratory survey and development of behavioral

models

The evaduation of the efficacy of such a system requires careful smulation of passenger
demand, to find out if the required occupancy (perhaps a least around passengers per
vehicle) can be achieved under sarvice with enough vehicle coverage. Conventiond
demand models such as common disaggregate models do not capture the passenger
demand-behavior wel enough, as they aguably are not sendtive enough towards
travders waiting time disutility. The reason for this is that such models have not been
cdibrated with data sats that include the time dynamic dimenson findy enough (no
sysem of this kind we describe exists out there). In this context, it becomes useful to
conduct laboratory smulated experiments on traveler decisons, usng the full-screen
graphicd interfaces and disgplays of trangt operations to hypotheticd travelers who
“experience’ trave. The smulation capabilities dready developed here are ided for
creating decision “scenarios’ for travelers.

In this sudy, the potentid doman of demand for this sysem need to be
identified, dong with the most sgnificant factors and their specific weights in the user
mode decisons (that is, which aspects of the design are mogt ridership-sengtive) as well

as the impact on moda split after its implementation. Note that the proposed scheme is
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intrindcdly different from a typicd DRT one, since it is oriented towards a different
sratum of users. Indeed, it is supposed to attract more travelers from automobiles than
from conventiond trangt systems being implemented nowadays.

In addition, we need to dso study the effect of “passenger-pooling” or “stop-
pooling” where passengers join a the same pick up spot, regardiess of their destination
location. Here the idea is to measure the atractiveness of such a policy dong with the
use of fare incentives. Severa of the money-based and disutility-based behaviors can be

modeed using game techniques, aswell.

Stated Preference User Response Study

A traditiona SP survey design is not for modes and parameters to be used directly for
demand-side predictions (for which SP surveys may not yidd reliable results), but rather
in finding quditative condusons on ovedl acceptability and attractiveness.
Furthermore, the SP survey results will be very ussful in determining the rdative
importance of the factors involved, which is of dgnificant use in further refining the
system designs.

The st of factors and ther rdaive importance (weight) will strongly depend
upon user chaacteridics. Traditiond DRT schemes, which are absolutdy not
competitive with auto travel, have been oriented to the service of smal communities or
passengers with specific requirements (elderly, disabled). This kind of user probably
attaches importance to factors such as the existence of safety devices, acquaintanceship,
quietude, socid interaction, etc. (see Hannely et al., 1991, Wegman, 1989, Kumar et

al., 1991)
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However, the objective of implementing a high-coverage DRT system like this is
mainly to dtract a different type of user. This will not happen unless the level of supply
of vehides is ggnificatly high, and the time between cdl and savice is Sgnificantly
low to make even those who don’'t consider conventiona trandt as an option to sdect
this sysem over personad automobiles. For them, we could expect a survey reveding
people who associate importance to different factors such as travel time, travel time
vaiability, waiting time and so on. These factors ae precisely those that were

envisoned when this system was originaly designed.

Dynamic inter active ssimulator labor atory experiments of user behavior

In order to develop these preliminary behaviord modds, a methodology for quantifying
commuter behavior models from laboratory SP discrete choice survey is proposed. This
model should be based on smulated travel conditions instead of red travel conditions.
The mgor feature of this methodology is taking advantage of the smulation results in
order to present the information needed to make a travel decison by an interviewee. This
information will alow the interviewee to take a red decison of travel mode among the
avalable choices, incuding the HCPPT system as a red dternative. The methodology is
adso usgful in minimizing the bias resulting from asking about a hypotheticd mode as a
red dterndive.

Extensve diary surveys of commuter behavior should be conducted based on
gmulation results. Thee surveys will provide data to characterize the day-to-day
dynamics of commuter decisons in the laboratory, based on mode-switching behavior

resulting from smulaed HCPPT attributes, such as expected pick-up time, waiting time
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a home and hub locations, ride time, etc. The smulation results will strongly depend on
the time of sarvice request (that is, whether it is a pesk hour or off-peak hour trip),
workplace conditions, socioeconomic characteristics and traffic system characterigtics.
Mahmassani and Jou (2000) gives an example of a study with asmilar methodology.

With regard to the behaviord modd itsdlf, a joint estimation of two different
day-to-day demand models is proposed, (see Jou and Mahmassani, 1998 for a smilar
edimaion methodology). Given the contemporaneous corrdation across the users, it
does not seem reasonable to use the typicd logit modd, which assumes that the
unobserved components of utility are independently and identicaly distributed. Instead,
an estimation of a probit model is proposed, which has been derived by rdaxing these
assumptions about the unobserved components of utility. The two models to be
esimated will be both based on smulation results and they correspond to the following

user behavior decision experiments:

The firg probit mode should be calibrated usng appropriate variance-covariance
dructures, and the utility functions will be based on mode switching behavior,
conddering multiple choice in travd dtenatives.  Traditiond edimation methods
can be used, such as based on a Clarke approximation or a Monte Carlo method that
uses random vaues for the unobserved component of the utility.

The second modd to be cdibrated is a smple binary probit modd, which should
capture the behavior of accepting or rgecting the expected pickup time and travel
time in the HCPPT system. In this case, the edtimation is quite eader, and a standard

maximum likelihood methodology could be used without mgor complications.

376



8.3.2 Adjustment of Control Strategies and Optimality

One fundamentad improvement over the adaptive-predictive-control approach (APC)
introduced in Chapter 5, would be to dudy the behavior of the optima control
formulation and to show optimdity of such a scheme for different agpplication aress
related to systems like HCPPT. In other words, we need to develop guideines on how
to drive towards optimdity in red-time transportation scheduling and routing problems
depending on its characterigtics.

Given a paticular dynamic routing problem, some questions that immediately arise
aethefollowing:

- How to optimize this system?

- Wha kind of agorithms should be used?

- What kind of red-time control scheme would have the best performance?

- What type of cost function is more suitable for this type of problem?

The introduced dgorithms ae based on incrementa cods formulations, which
intuitively makes sense snce the loca incrementa dgorithm a any time is andogous to
the gradient a a given point in classica optimization dgorithms. The answers to these
questions obvioudy need further andlyss, but a this preiminary stage of this research, it
is possble to propose some aspects that should be explored in the context of a future

study, regarding
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Cog function formulation: Depending on the objectives of the sysem the cost

function formulation could be modified. In most of the commercid gpplicaions the
operator cost should be consdered as an explicit variable, on the other hand, for
evacuation purposes the operator cost may not be considered.

Control schemes. Based upon the desired objective, the best control scheme should

differ for each application. As stated in Chapters 5 and 7, the adoption of a predictive
adaptive control scheme for red-time scheduling and routing could have promising
results.

Control_palicies. In this case, the parameters utilized should be different for each

case. For ingance, in the case of the HCPPT system, the area corresponding to a hub
could maybe be increased depending on the demand levd. For a more flexible
operation, the main operations and decison ought to happen within the reroutable
area and the number of vehicles should decrease dong trunk corridors. The zoning
and area Sze could aso be sendtive to changes in demand. In theory, hub locations
could dso change in red-time with the demand pattern, which is not redly feasble
under a scheme like this, but could be possble to be implemented for different type

of sygems

All these quedtions, control schemes and optimdity issues have to be further explored in

order to adjust parameters, improve the cogt formulations and ultimately, in order to

improve the overdl performance of the proposed trangt system.
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8.3.3 Improvement in Smulation Scheme

There are some additiond issues that could be improved in the smulation itsdf. The
most important aspects that require further andyss and development are mentioned

next:

The "passenger pooling” modeling proposed in Chapter 6 is based on some known
discrete random variable digtribution. However, in this context, it is possble to find a
more agppropriate manner of modeding the passenger-pooling behavior, incorporating
thresholds regarding maximum dlowable waking digance as wdl as maximum
dlowable waiting time, in order to decide how to group passengers over the
smulation network.

Severd processes can be improved in the smulation platform. Nowadays, the most
critical redrictions are the computation time and the necessary capabilities (in terms
of RAM an power of the machines) in order to run the microamulation dong with
the APl developed here. In addition, the size of the network as well as the number of
vehides loaded a any time dgnificantly redricted the implementation and
functiondity of the agorithms and routing procedures. In the near future it will be
possble to implement better algorithms.  For the stochagtic cases in particular, it
will be possble to rdax some condraints and smplifications of the implemented

agorithms, which should improve the solutions obtained.
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Implementation of a more sophidicated insertion dgorithm (Section 4.3.3). In
addition, the re-scheduling procedure (Section 4.4) has to be incorporated in the

decison rules of assgnment passenger-vehicle.

8.3.4 Other Issues

There are additiond sources of interesting research from the different thoughts arose
from this dissartations. The most important ones identified in this dissertation are the

falowing:

The feaghility of the proposed sysem and the efficiency of the dgorithms developed
in the context of this dissertation could be contrasted againg an implementation of
the multiple pickup and ddivery problem with time windows in red-time, under
damilar conditions (benchmark scenario). The formulation and computationd
implementation of the benchmark scenario as wel as the comparison with the
heurigic solution obtained by running the agorithms developed here in the context
of the HCPPT are very chdlenging issues.

Devdopment of new cogt functions for the high-coverage type systems and
edimation of the cogt involved in the deployment schemes, essentidly through the
use of standard figures available for capita and operating expenses for such service,
based on vehicle miles and vehicle hours (labor costs).

Exploration of the detalls of coordinated public and private (contracted out)

operations of the sysem and development of behaviord modes for augmenting the
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demand generation modds. Quditative indghts from Dephi and Phone interview
surveys will be very ussful.

Use of information technology and identification of technologicd devices. Intid
quditative evduation of the rddive benefits of dternate information technologies

and devices.
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APPENDIX TO CHAPTER 4

A4.1 Computation of the cumulativetravel time on board

In this gppendix section, let us focus on the andyticd expression for the expected travel
time experienced by al passengers on board when vehicle j is leaving a future sop K,
caled TR; (k). As usud, the current decision time is t, so let us define tR, for any group
of passengers Z,, the clock time a which they have been picked-up, if they were picked-
up before the current decison time t. Hence, the travel interva between their pick-up

time and the current timeisjust tPI, =t - tR.

The cdculaions ae <plit into three pieces TRK1,(k) for those customers
assigned to be picked-up by vehicle j, belonging to set ZA (0); TRK2,(k) for dl
passengers belonging to st ZB, and il on board when the vehicle leaves stop k; and
TRU ; (k) for the expected passengers to be assigned into the route between the current
vehide location v; and stop k. The last part corresponds to the random component

asociated to future insertions.

Anayticaly for computing TRK 1, (k) ,

51 & g N
TRKlj k) =a 1 bj (S)gpszj(s) - a G (Zj (9),0)=+

s=1 | i=st+l D=

E[tS, (r,r +1)]§ (A4.1)

where
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11 ifz(5)>0 U 2p,(9=0

b, A4.2
9 {o otherwise (A42)
and
il if z(@)=1 Uz (i)>0
c (i) =i =10 2,0 (A4.3)
10 otherwise

Expressons (A4.1), (A4.2) and (A4.3) depend on the one-to-one mappings defined in
section 4.2, matching elements in the sequence CS; and the corresponding group of
customers. Condition (A4.2) is 1 when the stop s corresponds to a pick-up, and it is0 in
al other cases. Condition (A4.3), on the other hand, is 1 only when the i dement in the
sequence is associated to group of customers |, and it is a ddivery. Expresson (A4.1) is
vdidonly if k >1.

Incaseof TRK 2, (k), theandytica expression turns out to be

LP-(O)l ko_l u
TRK2,(09 = & 1 1Pl + EIIS (ss 0y +
Nﬂ | i o . (A44)
+a (0] Py g ) *+ A EItS (5:5+2y
r= s=0
where
il if z(r)=0U z.(r)>LP (0
d,(r)=| (=00 2,>LRO (A45)
10 otherwise

In this case, the one-to-one mapping between dements inZB, and the corresponding

group of customers has been included. Expresson (A4.5) will become 1 if the r'™ stop in
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sequence CS; match a delivery associated to the zp,(r) element of ZB,, corresponding
to the zb, (zp,(r)) group of customers.

Findly, for the random component TRU ;(k), let us firs define the unknown
component of the vehicle load a stop k as LU (k) = LPU (k) +LDIU ; (k) , where both

the unknown pick-ups and interna ddiveries have been dready defined in (4.39). Thus,

TRU ; (k) can be computed as follows

LU, (k) st
TRU (k) =———@Q LU, (n)E[tS, (r,r +1)] (A4.6)
aLu,m

Thus, the cumuldive trave-time of passengers on board when vehicle leaves stop k,

TR, (k) can be caculated using expression (A4.7):

ITRKL, (K) +TRK 2, (k) + TRU (K) if k>1
TR (K) =1 TRK 2, (k) +TRU | (K) if k=1 (A4.7)
1 TRK 2,(0) if k=0

For the deterministic case in section 431, TR, (k) =TRKZ1, (k) +TRK2,(k), but
replacing the expected trave time by amply its deterministic vaue. For the probabilistic
cae in section 432 on the other hand, TRK, (k) =TRK1, (k) +TRK2, (k) and
TRU | (k) isdirectly computed using (A4.6).

In addition, for the current vehicle podstion a k = O, the cumulative time is

aways known, and matches the component associated to passengers on board.
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In such a case, TR;(0) can be split into externd and internd trips based

cumulative time. The former is the one used section 4.6.2.2 as pat of the heurigtics

proposed to decide when to send vehicles to the trunk corridor. Anayticaly

TR, (0) =TR(0) + TR (0) (A4.8)
where
L%(O) L-gO)
TRE()= @ tPl,,,, TRI(KW= QtPl,, (A4.9)
r=1 r=LP;(0)+1

A4.2 Computation of the expected travel time when vehicle leavesthe

reroutable portion of itsroute

In this section, a methodology to caculate the expected travel time tha vehicle | takes
from the last scheduled stop within the reroutable portion of its route to the next hub
pogition in its schedule is conducted.

At any time vehide j’ tasks while collecting and digtributing passengers are

determined by a sequence of stops CS; asfollows
cs, ={012...,N,,N, +1N, +2,N, +3] (A4.10)

Stop O corresponds to the current position of vehicle j. The sequence is defined by N,

customer based stops, and three more terms accounting for the trandtion from the

reroutable portion to the trunk line. Vehicle | does not cover the entire sequence when

joining the trunk line. If it has to stop a its home hub (op N, +1) before proceeding
towards its vigt hub (stop N; +3), it will skip stop N, +2 of sequence in (A4.8), which

represents the optimal entrance point aong the trunk corridor from last stop N;. On the
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other hand, if vehicle | is scheduled to go directly towards its destination hub, it will skip

thehomehub stop N, +1.
The objective of this section is to compute E[tS (N, N, +3)], thet is the

expected surface travel time when vehicle is scheduled to go to its vist hub. This
computation makes sense only in the dsochastic case of section 4.3.2. In addition, if
vehicle has to sop at its home hub firg, the case becomes a norma reroutable segment
expected travel time calculation. Notice that in such a case the next hub to stop will be
adways the home hub (assuming that al adready assgned cdls are not rescheduled to a
different vehicle).

If the vehicle is expected to go to the vist hub, it could eventudly deviate
towards its home hub if a future pick-up insertion were assigned to it, containing a least
one passenger whose destination hub were different from that of the vehicle.

Let us define gas the probability that the vehicle is deviated towards its home
hub given tha origindly (at time t when vehicle is a postion 0) it was scheduled to go
draight towards its vist hub.

Then, such aprobability can be estimated as follows

g=[PM(HD,)|* (A4.12)
with K = N§1>'1aj(l<,l<+1)+aj(Nj,Nj +3) and a, (k,k +1) = E[ES]XE[ Pl (K, k + 1]

In addition, PM, (HD, ) represents the probability that an externd trip destination

hub matches the vehicle destination hub, that isfor group Z,
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PM, (HD,) = Prob(HZzD, (k) = HD,, " k1 ZE,) (A4.12)

This probability is assumed known from the system.

A graphic representation pf this decision process is shown next:

FigureA41  Trandgtion from reroutableto non-reroutable portions of vehicle
route

Then, under these conditions, the expected totd travel time E[tC,(N,,N; +3)] for
traveling from last stop N, till the vehicle vist hub becomes a linear combination of

two travel options. Anayticaly

E[tC,(N,,N, +3)] =g{E[tS (N,,N, H)] +{TN(a, (N, +2),a,(N, +3)} +

(A4.13)
+ (- gf{E[tS,(N,,N, +1)] + HT(HO, ) +tTN(ah(HO, ),ah(HD, ))}
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or equivdently

E[tC, (N,,N, +3)] =gE[tS (N,,N, +2)] + (1- Q)E[tS,(N,,N, +1)] +
+gftTN(a, (N, +2),a, (N, +3}+ (- g{HT(HO,) +tTN(ah(HO, ),ah(HD, )}

(A4.14)

which can be written as

E[tC,(N,,N, +3)] =E[tS,(N,,N, +3] +E[tT,(N,,N, +3)] (A4.15)

where

E[tS (N,,N, +3] =gE[tS (N,,N, +2)] +(1- 9E[tS,(N,,N, +1)]
EItT, (N, N, +3)] =g{tTN(a, (N, +2).a,(N, +3)}+ (A4.16)
+(1- ){HT (HO,) +{TN(ah(HO, ),ah(HD , ))}
Note that the surface (reroutable) travel time is function of the probability g, which is

adso function of the expected number of insertions. However, the expected number of

insartions on the other hand is function of the ssgment travel times. Thus, for the last

segment
E[PI,(N,,N, +3)] = g, (E[tS,(N,,N, +3)]) (A4.17)
= g,( GE[S, (N, N, +2)] + (1~ 9EItS (N, ,N, +1)] )
and
9= g PfObM(HD,-),%lE[PIJ(k,k +1)],E[PI,(N,,N, +3)] ) (A4.18)

Expressons (A4.17) and (A4.18) judtify a iterative process as described in the following

chart
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g(I)
E[ts (N, N, +3) ™
m:=m+1

E[PI (NN, +3)|™

L K(m)

Figure A4.2 Iterative processto computethe expected travel time

Once a desred convergence leve is reached, say after iteration M, we can compute
E[PI (N;,N,+3]™ ad g™. Thus E[tS(N,,N,+3)Jcan be caculated

conggtently using those fina vauesin expresson (A4.14).
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APPENDIX TO CHAPTER 5

A5.1 The probit and logit models (source Maddala, 1985)

In this section, a brief introduction to the probit andysis modd by Goldberger (1964) is

introduced, according to the excellent discussion and summary by Maddala (1985).
Let us assume that there is an underlying response variable y  defined by the
regression relaionship
y =b'x +m (A5.1)
In practice, y; isunobservable. What we observe is adummy variable y defined by

y=1 ity >0 (A5.2)
y =0 otherwise
In this formulation, b'x isnot E[y, /x] asin the typicd linear probability modd; it is

E[y/ /x]. From the rdlations (A5.1) and (A5.2) the following relation is obtained

Prob(y, =1) =Prob(m>-b'x) (A5.3)
=1- F(-bX)

where F isthe cumulative digribution function for .
In this case the observed vaues of y ae judt redizations of a binomiad process
with probabilities given by (A5.3) and vaying from trid to trid (depending on x.).

Hence, the likdihood functionis
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L=QF(bx)On- F(-bx)] (A5.4)

The functiond form for F in (A5.4) will depend on the assumptions made about m in

(A5.1). If the cumulative digtribution of m is the logidics, the logit model is obtained.

In this case,
ey &xp-bx) 1
T g b x) Trembx) 459
Hence,
e ey - &xp(bx)
1- F(- b x) Trexp(bx) (A5.6)

Note that in this case there is a closed-form expresson for F, because it does not
involve integrds explicitly. Not al digributions permit such a closed-form expresson.

For ingtance, in the probit model (or, more accurately, the normit modd) m are assumed

IN(O,s ?). Then,

et (A5.7)

F(-b'x)= 5

.b'x,‘-/s 1 o (- t
O )7 P

It can be eeslly seen from (A5.7) and the likelihood function (A5.4) that only b/s can
be estimated, and not b and s separately. Hence, s =1 isassumed to start with.

Because the cumulative normd didribution and the logigtics didribution are very
close to each other, except a the tails, we are not likely to get very different results usng
(A5.6) or (A5.7), that is the logit or the probit method, unless the samples are so large
(so that there are enough observations a the tals). However, the estimates of b from

the two methods are not directly comparable. Because the logigtics digtribution has a
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vaiaion p2/3, the estimates of b obtained from the logit modd have to be multiplied
by 3'?/p to be comparable to the estimates obtained from the probit model (where s is
normalized to be equd to 1).

Amemiya (1981) suggested that the logit edimates be multiplied by
1/1.6=0.625, ingead of (3'?/p) saying that this trandformation produces a closer

goproximation between the logidtic digribution and the didribution function of the

dandard normd. He adso suggested that the coefficients of the linear probability mode

b, and the coefficients of the logit model b, are related by the relationships

b, » 0.25b, except for the constant term

b, » 0.25b_ +0.5 for the constant term

Thus, if one needs to make BLP comparable to the probit coefficients, it is needed to
multiply them by 2.5 and subtract 1.25 from the constant term.

An dternative way of comparing the models would be to (d) cdculate the sum of
squared deviation from predicted probabilities, (b) compare the percentages correctly
predicted, and (c) look a the derivatives of the probabilities with respect to a particular
independent varigble. Let x, be the kth dement of the vector of explanatory variables

x,, and let b, be the k™ eement of b. Then the derivatives for the probabilities given

by the linear probability model, probit model, and logit modd are, respectively,
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)

(xb) = b, (A5.8)

T F(xb) =f (xb)b, (A5.9)
T o - &XP(xb)

X, HxB) [1+e><|o(><{b)]2bk (A510

These derivates will be needed for predicting the effects of changes in one of the
independent variables on the probability of belonging to a group. In the case of the linear
probability modd, these derivaives are condtant. In the case of the probit and logit
models, they have to be cdculated at different levels of the explanaiory variables to get

an idea of the range of variation of the resulting changes in the probabilities,

L ogit model

For the logit modd, the likelihood function (A5.4) can be written as

1 8zepbx) o' _ epb)Al xy,
pbx)5 Lrepbx)s O [L+epbx)]

L= Q §1+ - (A5.11)

Let us define t’ :éinzlxiyi . To find the maximum-likelihood (ML) edimate of b, let

us take log to both sdes of (A5.11) getting

logL=b't - g logl 1+ exp(b x)] (A5.12)

i=1
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fllogL _

Hence, =0 gives

_ 3 _exp(bx) .
Sb)=-Q Trenbx) " +t'=0 (A5.13)

These equations are nonlinear in b . Hence ether the Newton-Raphson method or the

scoring method has to be used to solve the equations. The information matrix is

ﬂzlogL):(,c;”1 exp(b'x )
Tob ~ 5 [1+exp(b x))]

I (b) = E(- > X X; (A5.14)
Sating with some initid value of b, say b,, S(b,) and [(b,) are computed. Then

the new estimate of b is, by the method of scoring,

b, =b, +[1(b,)] 1S(b0) (A5.15)

In practice, both 1(b,) and S(b,) are divided by n, the sample sze. This iterdtive
procedure is repested until convergence. In the present case it is clear that 1(b) is

podtive definite a each dtage of iteration. Hence, the iterative procedure will converge

to a maximum of the likdihood function, no matter what the garting vdue is If the find

converged estimates are denoted by b, then asymptotic covariance matrix is estimated
by [1(b)] . These estimated variances and covariances will enable us to test hypotheses

about the different dementsof b .
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After edimatiing b, estimated vaues of the probability that the ith observation is

equal to 1 can be obtained. Denoting these estimated valuesby p, , then

5 = 2PbX) (A5.16)
1+exp(b x)
Equation (A5.16) shows that
a px =avx (A5.17)

Thus, if x; includes a condant term, then the sum of the estimated probabilities is equa
to é y, or the number of observations in the sample for which y, =1. In other words,
the predicted frequency is equd to the actud frequency. Smilaly, if X, indudes a
dummy vaiable, say 1 for femade, O for mae, the predicted frequency will be equa to
the actua frequency for each sex group. Similar concdlusons follow for the linear

probability modd by virtue of the fact tha equaions (AS5.17) ae the least-squares

norma equationsin that case.
In any case, after estimating b and then p, by the logit modd, it is dways good

practice to check whether or not equations (A5.17) are satisfied.

Probit model

For the probit model, expression (A5.7) is subgtituted in equation (A5.4).
Let usdenoteby f(®3 and F (3 the dendty function and the didtribution function,
respectively, of the standard norma. Then for the probit modd the likeihood function

corresponding to (A5.11) is
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y

L=OIF (X)) [1- F(bX) (A5.18)
and the log-likeihood is
logL =4 ylogF (bX)+& (- y)loglL- F (b'X)] (A5.19)

Differentiating log L with respect to b yidds

[y, - F(bx)]
b L F(bx)1- F(bx)

f (b'x)x, (A5.20)

The ML estimator 6ML can be obtained as a solution of the equations S(b) = 0.

These equations are nonlinear in b, and thus we have to solve them by an

iterative procedure. The information metrix is

PRV il TN S (IGED)

| . — XX (A5.21)
fbb * & F(b'x)[L- F(b'x)]

As with the logit modd, we dart an initid value of b, say b,, and compute the values

S(b,) and I (b,) . Thenthenew estimate of b is, by the method of scoring

b, =, +[1(b,)]"*S(b,) (A5.22)

Note that 1(b) is podtive definite a each sage of the iteration. Hence, the iterative

procedure will converge to a maximum of the likedihood function no matter wha the
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darting value is. If the find converged estimates are denoted by b, then the asymptotic

covariance matrix is estimated by [I (6)]‘1. These can be used to conduct any tests of

sgnificance

Ab5.2 Catchment area definition and computation of the weighted

available space in the proximity of a vehicle route segment
In this section two relevant issues are addressed: fird, the definition of the catchment
area associated to a segment (K, k +1)1 CS; on the reroutable portion of the vehicle j's

route is computed. Second, and associated to the first concept, it is andyticaly
formulated a measure for the weighted avalable space (in seats) in the proximity of

vehide ssgment  (k,k +1) by the time vehide | is expected to arive there. This variable

is called WSP, (k,k +1) .

Catchment area concept

The definition of the catchment area is quite smple. In order to smplify the modds and
have a consstent formulation of the branched process methodology discussed in Chapter
5, it is advisable to define a spatia area around every predefined vehicle segment, in
which the digpatching module is more likey to insat a new cdl to that specific vehicle
segment. In the formulation of this chapter, it has been assumed that insertions beyond a
defined catchment area ae very unlikdy to happen, and therefore they have been

overlooked.
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Andyticdly, it has been assumed that an dlipticd form is a reasonable way to
define a catchment or influence area associated to a specific segment (k,k +1) of the

vehicle sequence, as shown in Figure A5.1.

a / 1 _ e2

N0+ D,y (4

x; (K), y; (k)

FigureA5.1 Segment (k,k +1) catchment area

The dlipse is completely defined by its extreme points determined by stops k and k+1 on
the longest axis. As mentioned in the chapter text, the eccentricity of the dlipse €) is a
parameter that could be calibrated based on the observed dispatch decisons, and
eventually it could be part of the adaptive procedure as well.

Theoreticaly, the catchment area should depend on the red network topology as
well as on network traffic conditions, however for smplicity, it is assumed tha the
spatid and geometrica features of the dlipse are enough to capture the boundaries of the

dispatch decision scope.
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The coordinates of both stops are completely defined by their spatid coordinates

(x;(k),y; (k) and (x;(k+1),y;(k+1). Let us define the Euclideen distance between

both stops as

D, (k,k+1) = f(x, (k+ D)= x, ()7 +(y, (k+ 1)~ y, (K)° (A5.23

In addition, the coordinates of the center point (Xc, yc) are given by

X, (K)+ X, (k+2) y;(K)+y;(k+1)
Xe= 2 yes 2

(A5.24)
Note that stops k and k+1 have any postion with respect to the origin point of the sysem
of coordinates, therefore, the proper trandation and rotation corrections have to be
introduced to the standard equation of the dlipse in order to account for such a change of
coordinates. Findly, the corrected equetion of the dlipse shown in Fgure AL.1 is
written for an arbitrary point (Xx,y). Thus, (X, y) beongs to the dlipse curve if and only

if the following condiition is fulfilled

2

2 L Yy
1- )y

4
D, (k,k +1)2

ey e

=1 (A5.25)

DD Q) [0
e

where

¢ = xexe )00 X ) b KDy, )
D, (k,k+1) D, (k,k +1)

byerd- x,0) kD )

v =(y-ye) D (k.k+1) "D (kk+D)
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and O£ e<1. When e=0 the dlipse becomes a circle. For an arbitrary point (Xs ys) to

belong to the catchment area of segment (k. k +1)1 CS;, the following condition has to

be satiffied
é s? U
%@xsz+  __ie1 (A5.26)
Dj( kK +1) 8 (1-e)H
where

i =( o xe )P0 0) k- v, 69)
- D, (K.k+J) 5o ¥ D, (kk+1)
V(y, (k+1)- y, ()
" D, (kk+)

o kD X )
ys —( ys- yC ) D, (kk+1) +(

If (A5.26) is fulfilled, then spatid location(xs ys) belongs to the catchment area defined

above. Otherwiseg, it does not.

The  totd suface of the cachment aea is equd to

D (k, k +1)
ARJ- (k,k+]) :pJT\ll' 62 .

The eccentricity e is the only parameter that could be cdibrated as part of the
learning process developed in this chapter, by observing the dispaich dgorithm
decisons. Thus, if there are not many vehicles available a certain time, the dispatching
module could start sending vehicles to pick-up cals generated far from the draight line
between k and k+1, in which case e® 0. In other cases, the dbserved decisions taken by
the dgorithm could dightly deviate dready scheduled segments if the dendty of

vehicles were extremey high in some aress for certan periods, in which case an
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eccentricity vaue close to one could be reasonable. A smple way to guess a vaue for
this parameter without adding extreme complexity to the computation and based on the
observed evolution of the dispatch decisions could be to adjust e such that p % of the
obsarved insertions happens within the corresponding catchment area, according to
equation (A5.26). The limit p would depend on the accuracy of the system performance,
say 90 or 95 %.

In the next subsection, a methodologica approach is used in order to compute the
indicator WP, (k,k +1), which messures the avalable vehicle capacity (measured in
seets) in the proximity (meaning in pace-time) of a specific vehide ssgment  (k,k +1).
The computations will explore competitive routes only within the catchment area of such
a segment according to the definition proposed above.

The indicator WP, (k, k +1) plays a very important role in the prediction process
described in this chapter. In fact, the finad objective of the APA process is to mode the
digpatich agorithm mechanism and to update such a mode from observed dispatch
decisons in red-time. An important premise is that part of such a decison process is
based on the conditions of other vehicles competing for cusomers within a reasongble
influence area when andyzing cetan vehide segment under the APA framework. In
other words, if there are a lot of vehicles close by (with available seats on them), a future
insartion should be less likely to happen than in a scenario with just few vehicles around,
impacting the predicted expected number of insartions on that vehicle segment. This part

of the dispatch process is mostly captured by WSP (k,k+1) in the APA leaning

methodol ogy described in the chapter body.
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Next, the determinigic case is formulated for the sske of smplicity. A

deterministic value of W3P, (k,k +1) will be needed when taking data from the observed

sydem as explaned in Section 56. The extenson to the dochestic case is

sraightforward, and will be addressed later in this Appendix.

Welghted available space calculation: deter minstic case

The deterministic expression for WSP, (k,k +1) is useful to clarify the basic concept, and
isdirectly utilized when taking data from the system as described in Section 5.6.

Let us consder another vehide m with the same home hub as that of vehicle j,
tha is HO, =HO,. Vehide m has assigned to follow a stop sequence CS, and
currently iswithin its reroutable portion.

Unlike the formulation shown above, in this case a combined space-time
condition has to be satisfied for a point, and more specificaly for a segment (in this case,
asegment (s,s+1)1 CS,,) to be considered in the calculation of WSP, (k,k +1) .

Geometrically, a space-time sesgment (s,s+1) (or a portion of such a segment) in
the route of vehicle m will be consdered as part of the WSP, (k,k +1) cdculdion if and

only a least one of the stops defining it fdls within the volume of the geometricd body

(in space-time dimensions) depicted in Figure A5.2.
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2

(&2 +Y 351

tCL;(k+1) -

L, (k) L

Figure A5.2 Geometrical body associated to vehiclej’ s segment (k,k +1)
The verticd axis represents time, and the horizonta plane accounts for two-dimensiond
space x and y. As defined in Chepter 4, tCL, (k) is the dock time a which vehide j is

expected to arrive to stop k.
Fird, the time condition is checked. The order in which the conditions are
checked is chosen just because time conditions are easier to compute. Andyticdly, there

are three cases.

Case 0: if tCL, (s+1 <tCL, (k) U tCL,(s) >tCL, (k +1) go to next segment-vehicle
orst WT,(s,s+1) =0

dse

Case L if tCL (s) <tCL, (k) :
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1.1)

tCL, (k) <tCL, (s+1) <tCL,(k+1) P WT (s,5+1) =tCL_ (s+1)- tCL, (k)

12) tCL,(s+D 3 tCL(k+]) P WT (s,s+1) =tCL,(k +1)- tCL, (k)
Case2: tCL, (k) £tCL (s) <tCL, (k+1)

2.1)

tCL, (k) <tCL, (s+1) <tCL,(k+1) P WT  (s,5+]) =tCL (s+1) - tCL,(s)

2.2) tCL,(s+1 3 tCL, (k+1) P WT, (s 5+1) =tCL, (k+1 - tCL, (3

WT (s, s+1) is the weight in time of segment (s,s+1) associated to vehicle m route, in
the cculation of WSP, (k,k +1) .
Once the time condition is fulfilled for a portion of segment (s,s+1) (basicdly,

Case 1 or Case 2), the spatial condition has to be checked aswell. In equations.
Case1':if [,(3), ¥,,(9)] and [, (s+1),y, (s+1)] both satisfy (A5.26)

P WS2 (55+1) = (X, (S+1) - X, (9))” + (Y (S+D) - Y(9))
Cae?2: d=if neither[xm(s), ym(s)] nor [xm(s +1),y. (s+ 1)] satisfy (A5.26)

P WS, (ss+1)=0
Case3': if dither [x,,(5), v, (9] (Case3.1') or [x,,(s+1),y, (s+1)] (Case3.2) satisfies

(A5.26) then find | * that solves the following problem:

é 2
4 et eI _g=1 (A5.27)
D,(kk+)?g '  (L-€)g

where
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and

Findly,

(o ok x ) oy kY- y ()
X _( X XC/ Dj(k,k+1) +( I yC) Dj(k,k"':D

o (%, (k+2)- x; (k) Wy (k+1)- v, (k)
Yi _( Yi - C) Dl(k,k+1) +( X - Yyc ) D](k,k+1)

X, =X (8) +1 (X, (s+D) - X, (9)

Yy = Yu(®) +1 (Yn(s+D - v, (9)

if Case31 b WS (5,5+1) =| *2{(xm(s+1)- x () +(y_ (s+1)- ym(s))z}

dseif Cae32 b WS? (ss+3) = [1- 1 (k. (54D - %,(9)7 +(yu(s+1) - yo(9)}

WS, (s,s+1) isthe weight in space of segment (s, s +1) of vehide m route, in the

caculaion of WSP, (k,k +1) . Note that Case 3.1' meansthat only stop s fdlswithin the

ellipse of Figure A5.1. Case 3.2 has the same meaning but for stop s +1.

Thus, an influence factor is defined as a Euclidean norm considering both time

and space dimengons. Anayticaly

i 2 2 . )
F, (s,5+1) :}\/\/\fl'm,- (ss+D)+WS) (s;s+D) if WT (s,s+1)"WS (s,s+1)* 0

0 otherwise
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Then, the weighted available space is defined as a function of the factor computed above
and the deterministic measure of the avalable space on vehicle m ssgment (s,s+1)

defined as

P,(85+D) = Ly - {Ln(9) +[LRES, (s+)]'} (A5.28)

Andyticaly,

N -1
& AF,(sst)xP,(s,5+])
m R(HO;) s=0

WSP (k +1) = ™1 (A5.29)

0 Ngt

a a ij (S1S+:D
mi R(HO;) s=0
m? j

Weighted available space calculation: extension to stochastic case

The extenson to the stochastic case is draightforward. Expresson (A5.28) should be
replaced by (5.23), and the clock times in al time caculations should be replaced by the
corresponding expected clock time vaues defined in Chapter 4, equation (4.43) that
includes the extra delay due to future insertions.

That is what should be done in theory, however in practice it is only possble to
work with expected vaues associated to vehicle j. All other vehicles-ssgment

components influencing WSP, (k,k +1) will be determinisic snce that is the only

available information about other vehices when working with vehiclej.
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