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Robust Passenger Itinerary Planning Using
| Transit AVL Data

Mark HICKMAN

Abstract-—Automatic vehicle tacation (AVL) data can be used
for a varlety of operational and planning purposes at a transit
agency. One possible application is for passenger itincrary
planning, where the passenger secks to go from an orlgin to a
destination in some “optimal” way. The AVL data give actual
vehicle arrival and departure times, which In turn can give more
robust tinerarles to passengers. A methed to determine such
robust jtineraries Is described, and » small cxample using the
bus network in Tucson, Arizona (USA) is used to illustrate the
methad. Advantages of this methed gver traditienal itinerary
planning methods arc also outlined.

Index Termy—automatic vehicle location, itinerary planning,
routing, {ransit itinerary

L INTRODUCTION

Service reliability is a continual problem in the public transit
industry in the United States. Services that run off schedule
can cause frustration to passengers, in addition to greater
waiting tinie, transfer time, and total origin-to-destination travei
time. There are scveral ways of addressing service reliability,
most notably in improving scheduling and operations control
techniques to bring the schedules more into line with
opcrational requirements. Nonctheless, passcager frustration
about uncertain travel times, and the timing of particular origin-
to-destination trips, are often a reality.

One way of helping passengers to work within the existing
service cnvironment is to provide them with information about
the reliability of the service. As an example, many trapsit
agencics in the US arc cxploting passenger information
systems that provide currcnt bus location and/or next bus
arrival information {1]. This can have the effect of reducing
passenger frustration on the current trip by kecping them
informed about the service.

Another source of traveler information is itinerary planning.
In the itinerary planning problem, a prospective passenger
seeks to find a path from their origin to their destination, at a
given time of day. The problem is to determine the muost
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desirable path, and then to provide the passenger with an
itineraty comngisting of when to meet the bus, where to get on
the bus, and how long it will take to reach the destination {or
an intermediate stop, if a transfer is required). Most commonly,
variables that are used to determine the “most desirable™ path
include travel times, access and egress times, waiting times, the
number of transfers, and fares.

Previous research, and most commercial software, use the
service schedule to generate these itineraries. The itinerary
planning problem is often modeled as either a traditional
shortest path problem, or a time-dcpendent version of the
traditional shortest path problem (for example, [2], [3), [4] and
[5]). Small adaptations of these traditional metheds are
necessary to accommodate waiting times and transfer times in
the network, since these measures are clearly time-dependent
{i.e., they correspond if even in a small way with the published
schedule).

Using the cxisting schedule is & good option for itinerary
planning if all services ran according to schedule; however, in
many cases, the schedule may not accurately reflect the
variability in travel times on a day-to-tlay basis. As a result, the
itinerary plans that are produced may not be accurate, and may
unfortunately leave the passenger with considerable
uncertainty in their travel. As an example, a passenger may
simply want to know how likely it is that they may actually
make a certain transfer.

However, transit vehicle location technology can provide
information for the passenger about service reliability.
Technologics such as the global positioning system {(GPS) can
be used to locate buses on a very frequent basis, in order to
establish if aid by how much the bus may be off schedule.
Morcover, if these data are archived, they can be used to tell
passengers about historical schedule adherence information.
Such information can to be used directly in the itineraty
problem to advise passengers on the most reliable services.

This paper defines and illustrates a method to uwse archived
automated vehicle location (A VL) data te provide more robust
itinerary planning. By using historical AVL data, a picture of
the system reliability can emerge that allows the passenger to
make & more informed choice of an itinerary. To describe this
method, the next part of this paper presents some of the
dimensions of service reliability that affect itinerary pianning,
and their effect on existing methods for transit itinerary
planning, The third section describes an algorithm to generate



passenger itineraries using archived AVL date. In the fourth
section, the methodology is illustrated on a simple example
from Tucson, Arizona. Finally, the last section offers
conclusions on the value of this method for robust itinerary
planning.

. CHALLENGES TO ROBUST ITINERARY PLANNING

A. AVL Data

Automatic vehicle location (AVL) technology typically
involves some technology on board the bus that, in
conjunction with aither terrestrial or satellite beacons,
determines where the bus is at a given time. This location
information may in turn be communicated to a central control
location, cither on a periodic basis (“polling™ or on an
exception basis, These data can be used for managing
operations, but they can also be stored for later offtline
planning purposes. Also, the data can be pre-pracessed before
archiving into particular summery measures; for data
management parposes, this avoids storing all the raw data.

The archived data from the transit agency in Tucson
consists of the times when buses were recorded passing
scheduled time points on their runs. Specifically, the data
includes the scheduled time (to the nearest minute) the bus
was to arrive at the timepoint, the actual time the bus arrived,
and the deviation frem schedule (again in minutes). It also
contains various other data such as the bus identification
number and the route number,

From this archival data, some simple data processing can be
done to compute: (1) the probability mass function of the
arrival of each bus to each time point on the route; and (2) the
probability mass functien of the running time from one time
peoint to another, given the time when the bus arrived o the
first time poins. With these probability mass functions, various
measures can be derived, such as means, variances, ad other
distributional properties of both bus arrival times and bus
running times. An example of the probability mass function of
bus arrivals to a particular time point is given in Figure 1. In
this case, the bus is most commonly 2 min late (about 58% of
the time), but is generally between | min eatly and 3 min Fate.

Figure 2 shows the probability mass function of the travel
time from one time point to another, at a given time of day.
What one may note in many cases is that if the bus is running
zhead or behind schedule at a timepoint, the driver may then
modify their driving behavior (by waiting, or slowing down, or
speeding up) over the following part of the routs, As a result,
the distribution of running times over the route is dependent
on the time when the bus arrives at the first timepoint. In this
case, the bus arrival at 7:32 {two min early) results in a density
fiunction that is skewed to longer trave! times, as the driver
often slows down to avoid being carly further down along the
route,

Histogram of Arelval Times, Route ©
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Fig. 1. Probability mass function for bus arrivals at a timepoint.
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Fig. 2. Probability mass function for bus running times from one
timepeint to another.

B. Path Determination

The fact that bus arrival times and running times are both
defined in terms of time-dependent probability density
functions has significant implications for how an itinerary can
be generated. The travel times in the network, both in terms of
the passenger waiting times and the bus running times, are
random and time-dependent. Finding a “shortest™ or minimum
travel time path in this context is considerably mote difficult
than the simple shortest path methods described previously.

There has been considerable research over the past several
years on shortest path problems of this nature. The most
notable initizl effort into this problem was the work of Hall (6],
who examined the problem of finding the a priori shortest
expected travel time path from an origin to a destination, with a
network of stechastic and time-dependent travel times. This
research unearthed a number of very critical issues. First, this
research was the first to point out that algorithms based on
Beliman’s principle of optimality are not guaranteed to find an
optimal path in stochastic and time-dependent networks. That
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is, the shottest path cannot be found stmply by concatenating
shortest paths within the network. Second, Hall identified a
heuristic that could be used to identify a shortest path in the
stochastic and nhme-dependent network. Esscntially, the
heuristic bogins by idcntifying the shortest path from the
origin to the destination using the minirmem possible travel
time or all arcs. The algorithm then continucs, in & manner
similar to a k-shortest path algenithm, to chumetate paths from
the origin to the destination, using the minimum poisible
travel time. The algorithm tenminates when the minitmum
possible travel time on the last path found cxceeds the least
expecled travel time on the paths that have already been
cnumerated, The minimwm expected travel time path is then
scfected. Finally, this algorithm provides a good starting point
for this problem. At the sane time, since it requircs explicit path
enumeration, its compmational complexity can be considercd
to be exponential in the size of the network, in the worst casce.

Hall's work was also revisited by Wellman, Ford and Larson
[7]. In developing an algorithm to solve for the @ priori
shortest path with stochastic and time-dcpendent travel times,
they used the concept of stochastic deminance to identify
paths that may dominate other paths in the network. The
general idea of stochastic dominance can be stated as follows:
if the cummiative probability distribution of the cost of one
path A is less than or cqual fo that of a path B, then path A is
stochastically dominated. Graphically, this can be shown in
Figure 3. Assuming one is secking the minimum value of a
patticular variable x {e.g., travel time), then path B
stochastically dominates path A.
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Fig. 3. Pairwise stochastic dominance between paths,

The solution algorithm presented in [7} enumerates paths
from the origin te the destination, but “prunes™ patls that are
stochastically dominated. More formally, path B is considered
to be stochastically dominated by path A if and ouly if, fora
given stochastic cost of path A, ¢4, and a cost of path B, ¢,
the following holds [8]:

Pric, £z)2Pr{c, £z) Vz,and

Jsome z such thatPr{e, < z) >Pric, < 2)

By pruning stochastically dominated paths, the algorithm
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intends to decrease the number of paths that must be
cnumerated in the solution procedure.

Finally, MillerHooks and colleagues have completed
perhaps the most extensive study of the shortest path problem
in stochastic and time-dependent networks. Of most relevance
to this work on the a priori shortest path is the original work
of Miller-tHeoks [9] and related papers (103, [11], and {12]. In
considering the cnumeration of paths, the results in [10] and
{12} suggest that different types of dominance can lead ta
efficient pruning techniques during algorithm execution. In
particular, for first-order stochastic dominance, path pruning
techniques can significantly reduce the number of paths
enumerated in the solution, Pairwise comparisons are made
between the current “best™ path and any candidate best path
from a given node to the destination. All non-dominated paths
are stored in the solution. Finally, despite the clearly peoor
theoretical properiies of the @ priori shortest path problem, the
computational results on randemly generated networks in [10],
{117 and [12] suggest computational time is cmpirically linear in
the size of the network.

It is important to note that the results from Hall [6] and
Wellman, Ford and Larson (7] relate to both continuous and
discrete representations of time. On the other hand, the
stochastic and time-dependent problems addressed by Miller-
Hooks 197 [10§ [111[12] are strictly problems in discrete time, for
which more efficient algorithms can be developed. This fact is
exploited in this work as well. Since the SunTran AVL data are
given in terms of minutes, a discrete time interval of =1 min is
used for the modeling below.

Il. AN ALGORITHM

The proposed algorithm for this problem uses the basic
idcas developed in [6], [7], {10] and [12). At a more general
level, one would like to generate a set of paths that are not
stochastically dominated. This set can be shown to
correspond to the set of paths that are not dominated under
any monotonic passenger utility function (see [9] and [13]). For
this specific problem, we assume that the passenger has a
utility function, either known or unknown, that is a function of
the total travel time. One may also assume that this function is
monotonic decrcasing with the travel time.

Conceptually, the algorithm proceeds as follows, using the
notion of stochastic dominance:

1. Generate an initial path from the origin to the destination
that is likely to be non-domsinated {i.c., in the final set of
non-dominated paths). Calculate the cumulative
distribution function for travel time on this path.

2. Proceed by generating paths in the network, pruning out
paths based on the stochastic domitance criterion. At any
step, compare any newly-generated path with the “best”
existing path found to date, and prune any paths that are
stochastically dominated.



3. Terminate when no additional paths can be found that are
non-dominated.

The concept for this algorithm is based on the previous
methods outlined in {6], (7], [10], [12]. However, it is superior to
the methods in [6] and [7] in the scnse that it provides a way of
generating an initial path that is likely to be non-dominated,
from which efficient pruning can occur. Also, in comparison
with [10] and [12), the problem is defined with a single origin-
destination pair, rather than all nodes te a single destination.
As a result, this method is computationally more efficient, as it
is relatively easy in this case to generate a single path that is
likely to be non-dominated. The algorithm then proceeds as in
[71, [10]} and [12] to compare additional generated paths to the
original non-dominated path, as a means of pruning the
solution space. Again, this step considerably reduces the
computatien time, particularly in large networks and/or when
many time intervals are considered.

A Initial path generation

In the first procedure, an initial path p* from the origin to the
destination is generated that is likely to be non-dominated.
This path is identified as the least possible tme-dependent
path from the origin to destination for each time interval ¢. This
is congistent with [6], which began with the least possible time
path in the network.

For each arc (i) in the netwark, the minimum possible tirne-
dependent travel time ay, is identified. This minimum possible
travel time has an associated positive probability of
occurrence, denoted as pg{my). Then, the minimum possible
travel time on each arc is used to find the time-dependent
shortest path from the origin s 1o the destination g, for each
time interval £ It turns out that this time-dependent shortest
path can be generated using existing label-comecting
algorithms in polynomial time; in our case, we usc the
decreasing order of time (DOTY) algorithm described in [14]. As
a note, the DOT algorithm is applicable when time is
tepresented in discrete intervals ¢, but may not be applicable
for continuous time representations.

In generating the shortest time-dependent path, we also
maintain probability labels associated with each path. The
probability label IT associated with each path p is equal to the
product of the probabilities of the minimum possible travel time
on each arc on the path. Mathematieally,

np = Hﬁi,j,t(mi,},r)
Ginep

This assumes independence of travel times across links in the
network. Correlation and dependence result in more
complicated calculations, but do not invalidate the results
presented here.

In case there are multiple paths with the same minimum
possible travel time, the path with the higher probability IT, of
being the minimum is chosen. If both the minimum possible

travel times and the probabilities IT are equal for two or more
paths, a single path is chosen arbitrarily. Curiously, if the path
with the minimum possible travel time is unique, it will not be
stochasticatly dominated. Even if the path with the minimum
possible travel time is not unique, if a path can be shown to
have the uniquely highest probability of the path being
minimum, the path will not be stochastically dominated. Hence,
at the end of the first step, there is an initial path p* from the
origin to the destination for each time interval ¢ that is not
likely to be stochastically dominated. The full cumulative
distribution function (cdf) for the travel time on p* is also
derived.

B. Generation of other non-dominated paths

In the second procedure, additional paths in the network are
cnumerated, and dominated paths are pruned from the solution
space. Using the probability mass functions for travel times in
the network, the caleulation of the cumulative density function
for a path involves simple coavolutions of these probability
density functions. In the pruning step, a pairwise comparison
of paths is perfarmed. If the cumnulative density function {cdf)
of the travel timo on a given path is dominated by another
(second) path, then that first path is pruned. This dominance is
determined by comparing the cdf of the new path with the cdf
of the travel time of an existing non-dominated path - i.e,, the
minimum possible time path determined previously.

The algorithm terminates when there are no more paths to be
avaluated, either because the paths have been added to the
non-dominated set or because the paths have been pruned
away. Again, it is casily shown that the set.of non-dominated
paths remaining after this pruning technique includes a path
that is optimal under any monotonic passenger utility function

(21013}

V. EXAMPLE

As an illustration of both the concept and the methodelogy,
consider the following example taken from the bus agency,
SunTran, in Tucson, Arizona. A traveler is interested in going
from their home near the intersection of Fort Lowell Road and
Alvernon Way to downtown. The trip, & work trip, is to be
taken at 6:45 am. A simple schematic of the possible routes and
connections to make this trip is shown in Figure 4. In this
example, there are four feasible paths that chn be taken. All
four paths involve a transfer.

If one were strictly to use the printed schedule in
determining a path, the path taking Route 11 {Alvernon) to
Route 8 (Broadway) is the shortest travel time path, with the
bus leaving at 6:49 am and the second bus arriving downtown
at 7:20 am. This trip takes 31 minutes, according to the
schedule, Additional schedule information on all paths is
reported in Table 1. :
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Ft Lowell /

34 Craycroft Alvernon
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4 Speedway
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Transit Center
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Fig, 4. Schematic of example trip options from Fort Lowell and
Alvernon to downtown,

TABLE 1: SCHEDULED SERVICE ON EXAMPLE PATHS

Scheduted | Scheduled Scheduled
Itincrary epariire | Amival Time | Travel Time
306 6:52um T:30am 38 min
AR 6:49 am 745 am 56 min
i1tod 6:49 am T:35am 46 min
[N 6:49 2 1:20am I min

A passenger receiving this information may have scveral
questions, including:

o How likely am | to arrive at the destination on schedufe?

=  What is the latest F might arrive at the destination?

e What happens if | miss the transfer?

o  How likely is it that 1 miss the transfer?

With the AVL data, these questions ean be answered, at
least from the basis of historical systemn performance. The
transit agency can use the actual service data to identify
reasonable (i.c., non-deminated) paths in the network, and
provide the passcnger with information about the reliability of
service on these paths. Somce paths that may be very reliable,
but with higher cxpected travel time, may aiso be comparable in
a passenger’s utility to paths with shorter expected travel time
but higher variability.

For this example, one month of service data from Tucson’s
transit agency was processed to derive the bus arrival time and
running time distributions described previously. In turg, these
distributions were used to gencrate passenger waiting time and
total travel time distributions, These could then be compared
directly to determine the non-dominated set of paths. In this
cxarmple, this is straightforward. However, with larger networks,
the cnumeration of paths may be more computationally
burdensome,
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In following the steps of the algorithm, the minimum
possible travel time path is also the Roule 11 to the Route 8,
with 2 minimura possible travel time of 30 minutes, Using this
path as a non-dominated path, in this case the other three
paths are all dominated. As a result, this path is optimal for any
utility function that is monotonic (decreasing) in travel time.

The cumulative distribution functions of the arrival time
downtown are shown in Figure 5. In this case, it is clear that
Route 11 to Route 8 is a dominant path. Route 34 to Route §,
however, dominates the other two options (Route [ { to Routes
9 or 4). There is no stochastic dominance betwcen the paths
that cover Routes 11 to Route 9 or to Route 4.

0s 4
08 1

—Route M tn 8
~—Route 11108
[-——Routa 11109
~—Routs 11104

7:33 T8
TFime

T 7as 7:43  7:48 753

Fig. 5. Cumulative distribution functions of arrival time to downtown.

Oncc the non-dominated paths are determined, the utility of
cach of thesc paths can be determined. If the passenger's
utility function is known, the utilities can be calculated directly.
Alternately, selected performance measures for each path
could be presented to the passenger, allowing the passconger
to determine their best path based on their individual
preferences.

As examples, the passenger may want to know the earliest
departure time from the origin (1o aveid missing the bus!), the
probability of making a transfer, or the actual expected arrival
time, or the carliest or latest possible arrival time. Selected
performance measures for the four paths in this exampie are
shown in Table 2. To begin, note that the itinerary using
Routes 34 and 6 may run considerably early: its earliest
recorded departure is 6:43 am, while its scheduled departure
time is 6:52 am. The Route 1] bus secms to depart closer to its
intended time, with an earliest departure time of 6:47 am. If a
traveier wanted to usc the Rouie 34 to Route 6 itinerary, this
information would advise them to arrive very early to the stop.
Note also in Table 2 that all the paths have a probability of 1.0
of making the transfer. This may be comforting to the
passenger, knowing that they are likely to make each possible
transfer.



TABLE 2. PERFORMANCE MEASURES FOR BXAMPLE PATHS

Barliest | Earliest Lstest | Prob{Making’ Actual
Ilincrary | Dopartuge | Arrival Awtival | Connection] | E[Am Time]
o6 | 6:43am | 7:26am | 7:38am 100% 7:30am
w9 ] 647am | 7:35am | 7:50am 100% T:46am
114 | 647em | T:35am | 7:49am 100% T43am
11168 | 6:47am | 7:2lam | 7:25am 100% 723 am

Also, the preferred path, Route 11 to Route 8, has an
expected arrival time downtown of 7:23, or 3 min afier the
scheduled time of 7:20 am. The earliest and latest observed
arrival times on this path are 7:21 and 7:25 am, respectively,
showing considerable reliability. For the other paths, however,
one notes a much larger range in the distribution of arrival
times, covering 12 minutes (7:26 to 7:38 am) for Route 34 to
Route 6, and 14 to 15 minutes for the other paths using Route
11. This may significantly affect whether a traveler mght
choose one of these paths.

V. CONCLUSIONS

Vehicle location data can be used as a resource for a number
of passenger information purposes. Particularly in cases where
service reliability is a concern, providing passengers with
credible inforreation on the timeliness of service may improve
the perceived quality of that service.

The methodology described in this paper provides a general
framework for using AVL data to improve passenger
information. More extensive experimental results are planned
with the Tucson transit agency, particularfy for demonstrating
the computational aspects of the proposed algorithm.
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