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Procedure for Estimating Freeway Trip Tables

NANCY L. NIHAN

A method for estimating freeway trip tables with volume data by using a gravity-
based model is presented. The 1969 San Francisco Bay Area origin-destination
survey is used to test the estimates. The results of using the gravity-based
model are compared with the estimates obtained by using the SYNODM ap-
proach developed at the University of California, Berkeley. The gravity-based
approach achieves a closer fit to the actual trip tables than does the current
version of SYNODM.

This paper describes a method for estimating freeway
trip tables by using ramp volume data and compares
the resulting estimates with those obtained by using
the SYNODM approach (an estimation procedure cur-
rently used by traffic planners). Below is a de-
scription of both the general problem of estimating
trip tables by using volume data and the freeway-
restricted problem. Also included is a summary of
currently proposed estimation procedures and their
limitations.

GENERAL PROBLEM

For the past few years there has been a surge of
interest in developing a technique for estimating a
trip matrix or origin-destination (0-D) matrix for
urban areas by using street volumes as the primary
source of knowledge. This is because the collection
of trip origin-destination data is costly, time con-
suming, and less accurate than the more easily col-
lected traffic volume data. Volume data have been
collected in most cities on a regular basis for a
number of years through the use of automatic traffic
counters. However, current 0-D data, which require
extensive travel surveys of the urban population,
are not available to today's transportation planner
and are not likely to be available in the future for
the majority of our urban areas.

The state of the art in the general problem area
is summarized by Willumsen (1), who divides the es-
timation methods into three broad groups of models.
These include gravity-based models, network-equilib-
rium models, and entropy-maximizing models.
Gravity-based models assume that trips follow a
gravity pattern. In the approaches considered so
far this leads to linear or nonlinear regression
solutions. The linear models (2-7), where tested,
are used to forecast link volumes. They give ac-
ceptable estimates of link flows (errors of 20 per-
cent or less). The nonlinear approaches (8-10)
yield slightly better results. However, accuracy is
still based on observed flows. Since a variety of
0-D matrices can produce the same pattern of link
volumes in a network, this is not a sufficient test
of the accuracy of the trip tables.

The second group of general models, network-
equilibrium models, 1is based on Wardrop's first
principle. Such models (11-13) yield solutions that
depend on the initial solution assumed. The solu-
tions are, therefore, not unique and have not been
verified adequately.

The last group of models uses an entropy-maximiz-
ing approach to find the most 1likely trip matrix
compatible with observed flows. In one such model
the solution depends on an a priori estimation of
the O-D matrix. Other approaches (1, 15-17) circum-
vent this problem but do not consider the impact of
distance or travel time on tripmaking behavior. All
three approaches to the general problem have not
been tested against actual O-D data, although some
have been checked by using synthetic networks.

FREEWAY OR CORRIDOR PROBLEM

Unlike the general problem, the freeway or corridor
problem lends itself to model verification. Also,
in dealing with a restricted network of corridor
flows, we avoid some of the problems created by the
ubiquitous nature of vehicle travel. The natural
constraints on freeway flows reduce the relative
number of unknowns, although the problem is still
underdetermined.

Since an O-D matrix of the freeway portion of
vehicle trips is required for certain traffic-
planning models such as the FREQ6PE simulation model
(18) , these data are of immediate interest to traf-
fic and transportation planners. Yet the methods
used to collect these data, although easier than
comprehensive travel surveys, are still costly and
time consuming. The most widely used method is the
license plate survey, where observers are positioned
at every ramp for a particular freeway segment and
license plates of passing vehicles are recorded.
These are then traced to determine points of vehicle
entry and exit. Although the surveys are inconveni-
ent, they have been conducted in most major cities
and therefore provide a basis for verification of
models that attempt to estimate the freeway trip
matrix by using ramp volumes as a basis. If suffi-
ciently accurate models can be developed for this
problem, they can be used not only to help monitor
existing traffic congestion problems but also to
illuminate the general problem. Also, since volume
data are available for different time intervals
(e.g., hours of the day), accurate models could re-
produce the changes in trip patterns over time that
would be of benefit to transit and traffic planners.

Although some work on generating freeway O-D
tables (ramp-to-ramp trip tables) from link volumes
has been reported, the results in this area are in-
conclusive and the theoretical basis of the proposed
models is weak. The primary activity in this area
comes from the developers of FREQ6PE, a combination
traffic simulation and ramp control optimization
model. This model requires a ramp-to-ramp trip
table for every time interval (e.g., 15-min inter-
vals) for the period of study (e.g., peak-hour pe-
riod). A computer model called SYNODM (19) has been
developed to synthesize the required trip tables.
It is a simple proportionality scheme that distrib-
utes off-ramp traffic to upstream on-ramps. Specif-
ically, if we let

M = set of all freeway entrances upstream of

« exit j,

i total trips originating at i that have not
yet been assigned a destination and are up-
stream from j,

<
]

Dy = total trips exiting at destination j, and
Tij = Fotal trips originating at i and exiting at
I
Then,
* M -
T, =D, (vi I3, vq) )

The trips are assigned beginning with the first up-
stream off-ramp and continuing to successive down-
stream off-ramps.

There are several problems with such a simplistic



approach, The most noticeable is the implicit as-
sumption that trip distance or travel time is not a
factor in travel behavior. Thus, if there are 100
still unassigned vehicles that enter at on-ramp 1
(10 miles upstream from off-ramp j) and 100 vehicles
enter at on-ramp 10 (1 mile upstream from the near-
est off-ramp j), the number of vehicles from 1 to j
and from 10 to j would be equal. Yet, intuitively
one would expect that vehicles that enter at 10
would have a relatively low probability of getting
off at the next exit. By the same token, vehicles
that have already traveled 10 miles would have a
relatively high probability of exiting at the next
stop. Therefore, one could expect significant er-
rors here in the form of overpredicting the number
of very short trips and very long trips. The au-
thors admit that the proportionality assumption is a

3 O R R P ~E
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their model they state that it "...does tend to dis-
tribute correctly 70-80 percent of the traffic in
most cases, and in the absence of an 0-D study that
is probably a reasonable approximation" (20).

The level of error in those cases that are not
correctly assigned is not discussed. I1f, as our
intuition indicates, these errors could be substan-
tial, the resulting O-D table is not wvalid. The
developers are currently investigating other methods
and have recently revised SYNODM to include known
interchanges as inputs to improve accuracy (21,22).
The gravity-based method proposed below also has
this capability and includes an impedance factor as
well,

RESEARCH DESIGN

A description of the proposed estimation procedure,
the data base used for testing the trip estimates,
and the error measurements used in comparing this
procedure with the estimates obtained by using
SYNODM is presented in this section.

Estimation Procedure

The procedure assumes a gravity-based model to be
applied along a particular section of freeway.
Three inverse impedance functions are calculated
based on average trip distance along the section.
(A separate curve was used for internal-internal or
ramp-to-ramp trips, external-internal or mainstream-
to-ramp trips, and internal-external or ramp-to-
mainstream trips.) Since Voorhees (25) has shown
that a gamma function is most appropriate for total
trip patterns, a gamma function was assumed with
adjustments made for external trip ends. Also as-
sumed was that one could obtain a reasonably good
estimate of through trips either by collection that
used overpasses or from knowledge of previous O0-D
percentages.,

The gravity-based model has the formulation shown
below: :

Ty; = O:X;f(d;p)/ Eijf(di i) @)
FTi=h; ®)
£(d;) = (/T dff exp (-pd) @
where

Tij = trips from origin ramp i to destination ramp

Jr
0; = trips that originate at ramp i,
Dj = trips that exit at ramp j,
dij = impedance of travel between i and j (e.q.,
distance or travel time),
f = inverse impedance function (i.e., travel

Transportation Research Record 895

propensity function), and
Xy = normalization factor for destination point
e

Given the impedance function, an iterative procedure
is used to solve for X:. This procedure has been
shown to always converge to a unigue solution
(24,25).

Although several forms of inverse impedance func-
tions have been tested in the past, Voorhees (25)
showed rather conclusively that the gamma function
gave the best fit when calibrating models to gener-
ate total travel matrices. This would appear to
also apply to freeway trip tables because one ex-
pects a unimodal function to discourage both very
short and very long trips. The shape parameter
() was found by Voorhees to be approximately 1.5

a Lroorel  Er mook ol e J-J RO Yok & s
for total travel for mwost cities. Since this was

obtained for a total inverse impedance function, and
since freeway travel can be expected to tolerate
longer distances than can other types of trips, one
would expect that a distribution less skewed to the
left would be appropriate. A preliminary value for
a of approximately 3 is suggested. (Note, for a
sample experiment described later in this paper,
values of the shape parameter were varied from 2 to
4 with minor differences in the resulting trip
table.)

The size parameter (g) is equal to o/d where d is
the average impedance for the network. Since we
know the total number of trips and the link volumes
and impedances, this can be calculated as

K
d= % vdi/T 5)

where

T = total trips (i.e., total number of origins
or destinations),

Vk = volume on freeway subsection g,

K = number of freeway subsections in study sec-
tion, and

dk = length of freeway subsection g.

In determining the impact of origins farther up-
stream or downstream from the freeway section, a
simple constant that is equal to the largest possi-
ble value for that inverse impedance function was
chosen. Thus, for example, for a travel function

with a = 3 and 4 = 5.0, a gamma function would be
generated as shown in Figure 1. If one end of the
trip originated at the mainstream-on point or ended
at the mainstream-off point this constant (f*) would
be used for short trips (trips that have study sec-
tion 1length d* or 1less). Thus, the external-
internal and internal-external functions would
resemble the solid 1line in Figure 1 and the
internal-internal function would be a strict gamma
function.

Figure 1. Example of inverse impedance curve.
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& .20000 - -
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Table 1. Freeway subsection characteristics.

Sub- Subsection Description
section No. of Length —
No. Lanes  (ft) Input  Entry Point Exit Point
1 5 1630 OD Mainline origin Powell off
2 5 1960 Powell off Powell on
3 5 1550 OD Powell on Ashby off
4 4 1960 Ashby off Ashby on
5 4 500 [¢] Ashby on 500-ft point
6 4 4790 D 500-ft point University off
7 4 3030 University off University on
8 4 2160 OD University on Gilman off
9) 4 2030 Gilman off Gilman on
10 5 1250 oD Gilman on Buchanan off
11 4 %00 D 1 Buchanan off Hoffman off, left
12 3 1320 D Hoffman off Pierce off
13 3 720 Pierce off Pierce on
14 3 2610 oD Pierce on Central off
15 3 1660 Central off Central on
16 3 1890 OD Central on Carlson off
17 3 2310 Carlson off Carlson on
18 3 1460 OD Carlson on Potrero off
19 3 3800 Potrero off Cutting on
20 4 1100 O Cutting on Grade change point
21 4 660 D Grade change point Macdonald off
22 4 1480 D O Macdonald off San Pablo off
23 3 1480 San Pablo off San Pablo on
24 4 800 oD San Pablo on Solano off
25 3 4690 D Solano off San Pablo Dam off
26 3 2190 Dam Road off Dam Road on
27 3 2320 OD Dam Road on Road 20 off
28 3 830 Road 20 off Grade change point
29 3 1180 Grade change point Road 20 on
30 3 2560 oD Mainline destination

Road 20 on

Wote: O = origin, D = destination.

In developing the above functions, an initial
value of g8 = a/E was chosen for all three curves.
After each run of the model, new parameters were
calculated for the external-internal (81) s
internal-internal (B2) and internal-external
(83) functions based on the average distances of
these trips. Thus, for a freeway section that has N

points of entry or exit,

4 =j§N Ty;d45/0, 6)
d2 =2, B Tl B A T W
ds3= 2 Tindin/Dn ®)

where point 1 represents the mainstream-on-node and
point N the mainstream-off node.

Assuming that Tjpy is given, the estimation pro-
cedure is as follows:

1. Calculate 4;

2. Remove through
from 0; and Dy);

3. Letting o = 3 and T(a) = 2, calculate initial
values of B; = B3 = B3 = a/d, where B;, By, and g3
are the size parameters for the three inverse im-
pedance curves;

4. Run the gravity model;

5. For the run obtained in step 4, calculate El'

trips (e.g., subtract Tiy

32, and 35 and use these new estimates to calculate
Byr By, and g3; and
6. Repeat steps 4-5 until the Eis used in the

travel functions agree with the Eis calculated (usu-
ally one or two iterations).

Step 2 was suggested by Willis of the University of
California, Berkeley.

Data Base

The experiment was performed for a subsection of the
San Francisco Bay Area freeway network. The study
corridor included the northbound portion of the
Eastshore Freeway (I-80), beginning upstream from
the Powell exit ramp and terminating downstream from
the CA-20 entrance ramp. Table 1 describes this
freeway section and its points of entry and exit.
Volume data for five 15-min time slices starting at
3:45 p.m., October 1969, were used as the O-D inputs
for the gravity-based model. An O-D survey per-
formed during the same time periods was used for
comparing the accuracy of gravity-based model out-
puts with those estimated by the SYNODM procedure.

Error Measures

Three types of error measures were considered.
These were average absolute trip errors, average
total percentage of trip errors, and average indi-
vidual percentage of trip errors. These are defined

below.
Avg trip error = E? |T§ - THI/N ®
Avg total percentage trip error = iZj?(ITfj - T I/T) x 100 (10)
Avg individual percentage trip error = %‘, [(IT§; - TG1/TH)/N] x 100 (11)
where
sz = trips from i to j calculated,
?j = trips from i to j observed,

N = number of error values, and
i total trips in cells used.

Cells that have less than five observed trips were
ignored in the above calculations to avoid unreason-
ably high individual percentage errors associated
with very few trips.

RESULTS

Observed and calculated trip tables that represent
the 15-min slices from 3:45 to 5:00 p.m. were com-
pared. SYNODM trip tables were also calculated.
Figure 2 shows an example comparison for time slice
3. As expected, the SYNODM trip tables were more
likely to overpredict short trips than, was the
gravity-based model. A summary of the average trip
distances given in Table 2 bears this out. The
average distance for internal trips for the SYNODM
estimate is consistently shorter than that observed;
however, the gravity-based approach is very close in
its estimates of all three types of trip lengths.

Figure 3 shows an example comparison of the trip-
length distributions for the actual and gravity-
based calculated trips. For all five time slices
these frequency distributions are very close.

A final comparison of observed, estimated, and
SYNODM estimated trips is given in Table 3. 1In all
three error measures, the gravity-based approach is
consistently better. However, as total trip volumes
increase (time slices 4 and 5) the SYNODM approach
becomes competitive. As expected, the individual
percentage of error is somewhat high due to rela-
tively low numbers of trips in some cells.

INTERPRETATION OF RESULTS

Although the results of this experiment are by no
means conclusive, distance impedance should be con-
sidered in estimating freeway trip tables, even for
relatively short freeway subsections. If through
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Table 2. Average trip distances along
freeway section. e R

External-Internal, d; Internal-External, dy
3 1 3

Gravity-
Time Based

Slice Actual Estimated SYNODM

1 333 3.61 2:51
2 3.48 3.65 2.70
3 3.39 3.56 2.53
4 3.36 3.49 2.80
5 3.03 3.21 2.53

Gravity- Gravity-

Based Based _
Actual Estimated SYNODM Actual Estimated SYNODM d
3.67 3.65 3.85 4,74 4.48 4.16 4.29
3451 3.56 3.84 5.40 5.10 4.88 4.57
3.88 3.94 3.95 5.04 5.04 4.44 4,51
3.35 332 3.93 5.35 5.24 5.19 4.86
3.78 3.66 3.81 4.96 5.08 4.67 4.31

Figure 2. Freeway trip tables for time slice 3.
Observed Trips

190 285 250 59 175 310 10 124 352 45 44 126 32 94 35 200
2 8 13 8 138 3 8 8 29
3 19 8 4 & 7 2 7 19 10 &)

47 4 6 21 2 B 21 1% 720

15 N 6 6 29 2 7021 0

2 1 5 3 iy

2 4 2 2 3 9 4 34

2 4 5 15 7 47

12 33 16 109

1235 17 116

g 52

40

Gravity-Based Estimated Trips

190 286 233 63 143 338 8 117 51 82 43 77 39 102 43 200
1 10 3 8 17 6 3 4 2 4 2 5 2 30
8 4 12 26 1 10 5 8 4 7 4 9 51
{6 16 1 11 6 12 7 13 B 20 8 82
13 7 5 11 8 15 9 24 11 88
1 2 1 ¥ 2 & 2 19
2 2 5 4 1t & 42
2 5 5 16 8 M4
13 11 36 20 99
733 24118
3 57
40
SYNODM Estimated Trips
190 273 218 54 133 CBI 7 103 A& 73 37 A9 41 112 457 356
14 11 3 7 15 5 ¥ 4 2 3 2 % ¥ oI5
2605 13 27 1 10 4 7 3 & 4 10 5 M
9 19 39 1 14 6 10 5 9 & 15 B 47
19 39 1 14 & 10 5 9 5 15 7 44
4 2 2 1 2 1 3 1 9
4 6 3 5 3 B 4
B 4 7 4 12 4 3
10 18 11 29 15 91
14 37 19 118
14 7 42
43

trips can be estimated or measured, the gravity-
based approach looks reasonably accurate. If this
were coupled with knowledge of one or two other in-
terchange values, the results should approach ob-
served values. For example, for some reason the
number of observed vehicles getting on at Gilman and
directly off at Buchanan is high in some time
slices. If this were suspected in advance, trips
from Gilman to Buchanan might be measured and used
as an additional factor in calibrating the model
(adjusting the travel distance factor for that par-
ticular interchange).

Most ramp intefchanges that are closely spaced,

however, do not exhibit this property. Thus, dis-

Figure 3. Trip length distribution for time slice 3.

+2100)
2064 -h-
T

350 4

——— Observed

----- Estimated

300

Number of Trips
2
T

Distance (miles)

Table 3. Comparison of trip errors.

Avg No. of Trips Avg Total Trip Avg Individual Trip
in Error Error (%) Error (%)
Time  Proposed Proposed Proposed

Slice  Method = SYNODM Method SYNODM Method SYNODM
1 5.9 9.1 12.6 15.4 21.1 21.7
2 8.1 10.0 17.0 22.2 33.1 34.9
3 6.6 12.8 12.1 23.9 18.4 31.5
4 11.4 11.5 20.7 21.5 39.2 40.2
S 8.3 8.5 171 17.4 27.5 27.6

tance appears to be a factor and methods such as
SYNODM, which do not take distance into account,
will not do as well. The errors that result from
this omission are higher than indicated by our ertor
measures because cells that have four or fewer trips
were dropped from the analysis. Consider, for ex-
ample, the observed trip table for time slice three
and the estimated tables shown in Figure 2. Because
of the short time interval, several of the less
frequented interchanges have no observed trips and
were dropped before calculating the percentage error
terms. Yet SYNODM in several cases estimates sig-
nificant numbers of trips for these cells, thus the
true error differences between the two procedures is
even larger. In both cases, the predictions might
improve if larger time intervals were used.

Note also that SYNODM overpredicts through
trips. These represent very long trips, and this is
another indication that distance is a factor. Even
if through trips were assumed as known in the SYNODM
procedure, other very long trips would probably be
overpredicted.
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SUMMARY AND CONCLUSIONS

Knowledge of the number of through trips on a free-
way section appears sufficient to calibrate a rea-

sonably
mator.

accurate gravity-based trip-table esti-
Whether knowledge of the number of trips for

any major O-D pair would work as well should be ex-
plored because overpasses may not always coincide

with the freeway subsection under study.

In an up-

coming revision, SYNODM may also assume knowledge of

through trips to
without incorporation of an impedance factor,

its accuracy. However,

it may

improve

still have unreasonably high predictions for very
short and very long trips.

In any event,

further exploration of the accuracy

of these techniques with other O-D data bases is
needed to determine whether existing models are suf-

ficiently accurate.

The possibility of improving

accuracy by obtaining data on one or more inter-
changes in lieu of a complete O-D survey should also
be investigated.
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Corridor Evaluation

WILEY D. CUNAGIN AND RAMEY O. ROGNESS

Quick-response procedures and programmable calculator routines have been of
increasing interest in transportation planning. As part of a continuing Highway
Planning and Research Program study, the PASSER 1V system of quick-re-
sponse methodologies is being developed for analyzing urban freeway corridor
alternatives. This will provide a practical and user-oriented tool to evaluate several
classes of transportation system management alternatives. An algorithm is pre-
sented for estimating the levels of traffic flow on individual parallel facilities in
an urban freeway corridor, based on equilibrium traffic assignments. A quick-
response routine for the algorithm has been developed for use with a program-
mable calculator. The level of detail for the routine is ultramacroscopic and
deterministic. The routine was designed to be modular to permit additional
scenarios, extensions, and modifications to be easily appended. The routine as
described is undergoing continuing revision and evolution.

Increased traffic demand and traffic congestion
along freeway corridors in major Texas cities are
making the effective management and use of existing
facilities, as well as the implementation of minor
geometric modifications for improving traffic flow,
important functions of the various agencies in-
volved. Existing analytical methods and related
computer programs offer proven performance capabili-
ties to address these problems, but most are seri-
ously deficient in addressing analyses that require
quick response:

1. They do not permit quick and simple analyses
of problem areas to allow evaluation of several
alternative improvements in a cost-effective manner,

2. They do not fully treat continuous frontage
roads that are almost unique to Texas, and

3. They require a large amount of field data and
computational effort to conduct the evaluation.

As a result, the use of quick-response procedures
and programmable calculator routines has become of
increasing interest and implementation.

Practical and user-oriented methods have been
proposed. The Signal Operations Analysis Package
(SOAP) programmable calculator routines can be used
in the design, evaluation, and analysis of signal
operation (1l). The routines incorporate several
computational techniques for analysis of a single
approach to an intersection. Routines are available
for calculation, analysis, and evaluation of signal
settings and measures of effectiveness. Other
procedures have been developed such as evaluation
routines based on the PASSER 11 computer program (2)
and critical movement analysis procedures (3).

Quick-response routines have been developed for
travel-estimation procedures (4,5) and simplified
methods have been developed for transportation
analysis (6-8). Analysis techniques, including air
quality evaluation (9) and energy impacts on travel
(10), have been proposed. The development of sim-
plified methods implementable on a programmable
calculator has great interest.

The PASSER IV system of quick-response methodol-
ogies is now being developed for analyzing urban
freeway corridor alternatives to provide transporta-
tion system analysts with useful tools to evaluate
several classes of transportation systems management
(T8M) feasible alternatives. This paper presents,
as a part of the PASSER IV system, an algorithm for
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based on equilibrium traffic assignment. The algo-
rithm can be applied to multiple parallel facilities
quickly and efficiently. A quick-response routine
for the algorithm has been developed for use with a
programmable calculator.

SITUATION

The urban freeway corridors are the existing trans-
portation backbone of every major city in Texas. The
potential operational <capacity of the freeway
frontage roads and adjacent parallel arterial
streets are major factors in the urban area. In
order to manage and improve these critical transpor-
tation facilities, several situations and problems
must be addressed.

Several of these problems have already been
identified, regarding the effective transportation
analysis of urban freeway corridor traffic manage-
ment strategies and the application of TSM improve-
ments to Texas freeways and parallel facilities. The
analysis of these available alternative strategies
can be time-consuming, costly, and data intensive.

Simplified methods (quick-response techniques)
were needed to permit the transportation engineer or
planner to expeditiously evaluate a wide range of
TSM-based alternatives by using a minimum of data
complexity and effort. As part of the Texas Highway
Planning and Research Program (HPR) continuing study
on development of freeway corridor evaluation sys-
tem, PASSER IV, a quick-response analysis method-
ology for expedient evaluation of several classes of
TSM-based feasibility studies from an operational
viewpoint has been derived. The PASSER IV concept
is to permit the decisionmaker the option of effi-
ciently obtaining credible performance measures for
various proposed scenarios. The algorithm presented
here is based on equilibrium traffic assignment. It
estimates the traffic flow levels (and measures of
effectiveness) on parallel ‘facilities in an urban
freeway corridor.

The algorithm assumes that

1. Travelers behave in a manner that minimizes
their travel time,

2, Travel time versus volume/capacity (v/c) ratio
curves that describe the parallel paths may be
determined, and

3. Piecewise linear
curves may be computed.

approximations of these

The algorithm is 1limited by the accuracy of
origin-destination estimates, corridor volume esti-
mates, and the travel time versus v/c curves.

The level of detail for the calculator procedure
is ultramacroscopic and deterministic in design.
Simplicity and user-oriented operation were empha-
sized. The routine was designed to be modular in
design to permit additional TSM alternative sce-
narios to be addressed by subsequent additions and
subroutines.

Algorithm Background

The algorithmic approach to the three alternate-path
traffic-assignment problems is based on Wardrop's



Transportation Research Record 895

Figure 1. Alternate urban freeway corridor paths.

Figure 2. Urban freeway speed versus v/c.

SPEED

VOLUME TO CAPACITY RATIO

first principle (user optimization) of equilibrium
flows (11). The original corridor scenario for the
three alternate paths was freeway, frontage road,
and a parallel arterial street. The algorithm uses
travel time relations for allocating the traffic to
the three paths,

The freeway travel time is based on the relation
between average freeway speed and v/c ratio as
developed by Texas Transportation Institute (TTI).
The frontage road travel time and the arterial
street travel time is based on speed, volume, capa-
city, and signal density. These relations are
developed as a piecewise linear function of travel
time to v/c ratio for each alternate path.

The procedure allocates corridor travel demand to
the facilities based on travel times. As these
volumes are added to each facility, the travel time
on the facility is increased. The procedure itera-
tively determines the allocation of the demand to
provide equal travel times for all facilities by
using piecewise linear representations of the travel
time curves.

Algorithm Development

Traffic flows on three parallel paths are illus-
trated in Figure 1. Travelers wish to go from point
A to B. Point A might be a suburban community and
point B could be a central business district. These
travelers may choose among paths 1, 2, and 3 for

their trip. Each path has its own distances, speed,
and capacity attributes. For a typical urban free-
way corridor in Texas, path 1 is the freeway main
lanes, path 2 is the frontage road, and path 3 is a
parallel arterial street.

The solution approach presented here for allocat-
ing traffic among these competing paths is based on
Wardrop's first principle of equilibrium flows in a
transportation network (1l1). This principle states
that each individual traveler will choose a path
that gives him or her minimum travel time under the
perceived operating condition. This assumption is
known as user optimization and is in general agree-
ment with observed behavior. The driver perceives
(or anticipates) the operating conditions on each
path and then chooses the path that he or she thinks
will minimize travel time from point A to point B.

Traditional nonequilibrium traffic assignment
techniques have not addressed allocation of traffic
explicitly so that this condition 1is met. For
example, in an all-or-nothing assignment, the tech-
nique finds the minimum travel time between two
zones under specific conditions. All traffic is
then assigned to the path that has that minimum
time. The presence of this traffic causes the
resulting travel time on that path to become much
greater than the calculated value and, if minimum
travel times were again computed, another path
between the two zones would probably be chosen. This
diversion of traffic is addressed in capacity-re-
straint assignment, yet travelers may still not be
on a path that gives them minimum travel time. A
number of methods are now used to redistribute
assigned traffic more realistically in a corridor
following a traffic assignment for the urban area.
Many of these methods, however, require substantial
effort and time to use and are not amenable to quick
and simple analysis to evaluate several alternatives
for TSM strategies in the corridor.

The algorithm presented in this paper explicitly
treats the perceptions of path choice of the indi-
vidual traveler and is sensitive to TSM actions that
may be applied in the corridor.

TRAVEL TIME FUNCTIONS

In modeling the path choices of individual drivers,
it is first necessary to model the variation of
travel time on a path with increasing traffic on
that path.

For a typical urban freeway corridor in Texas, as
depicted in Fiqure 1, path 1 is the freeway main
lanes, path 2 is the frontage road, and path 3 is a
parallel arterial street. In order to compare
travel times along each of these paths to satisfy
the equal travel time condition (user optimization},
travel times along each path must be determined as a
function of the volume and capacity on that path.
For freeways, speed has been related to v/c ratio by
the relation shown in Figure 2 (12). The quantity
ur is the free speed for the facility.

Creighton, Hamburg, Inc., in work for the Federal
Highway Administration (FHWA), propose modification
of the relation shown in Figure 2 to that shown in
Figure 3 to model reduction in speed due to conges-
tion for the FHWA micro assignment model (13). For
v/c values in the range (0, 0.8), this curve is the
same as the Highway Capacity Manual curves shown in
Figure 2 (12). For values of v/c greater than 0.8,
the curve drops linearly to a value of 0 when v/c =
1.0, as shown in Figure 3.

The monotonically decreasing form of the function
in Figure 3 agrees with the observed condition that
average speed decreases as the v/c ratio increases.
One logical difficulty, however, is that the speed
in Fiqgure 3 decreases to zero at a volume equal to



Figure 3. FHWA freeway sneed versus v/c for freeway arterial vehicle mile per
hour splitter.
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Figure 4. TTI urban freeway speed versus v/c.
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Figure 5. TTI urban freeway travel time versus v/c.
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capacity, especially since Figure 2 shows a speed of
ug/2 when volume is equal to capacity.

For the freeway speed model used in this algo-
rithm, speed at capacity was set at ug/4 to ap-
proximate average actual speed. In addition, be-
cause volumes greater than estimated capacity are
sometimes observed (e.g., when 1level of service C
volumes and capacities are used), the freeway speed
curve was extended in this research to a speed value
of 10 mph when v/c = 1.5. The freeway speed curve
developed by TTI is shown in Figure 4.

The relation shown in Figure 4 1is piecewise
linear for v/c > 0.8, so that mathematically the
relation can be expressed as follows:

058+ (S3-20%  vjc<08
Sy +[(S5 -$,)/0.2](v/c)-0.8 0.8<v/c< 1.0

Stwy = )8, + [(10-8,)/0.5](v/e) - 1.0 1.0< vfc< 1.5 ®
10 v/c>15

where

way = speed on freeway at volume v per lane

(mph} ,

v = freeway volume per lane (vehicles/h),

c = capacity per lane (vehicles/h),

Sqg = free flow speed on freeway (mph),

51 = speed on freeway when v/c = 0.8 (mph),
and

Sy = speed on freeway when v/c = 1.0 (mph).

This model provides a determinable relation between
speed and volume for the freeway situation.

From the speed versus v/c relation shown in
Figure 4, a travel time relation may be constructed
by using

T(v/c) = Travel time = Distance/Speed )

for each continuous interval. The resulting travel
time relation is shown in Figure 5. This relation
shows that, as the volume (or v/c) on the freeway
increases, the travel time increases. This devel-
oped relation agrees with expected results. The
piecewise linear nature of the travel time curves
makes possible the evaluation of successive critical
points on the curves for parallel facilities rather
than the solution of a set of mathematical equa-
tions. Although modification of the FHWA's free-
way-surface arterial VMT splitter speed versus v/c
curves were used here to derive travel time curves,
other curves, such as those of Davidson (14), or
FHWA (15), may be used as long as they are modified
to a piecewise linear form.

For signalized roadways, the relation between
speed and capacity is complicated by the presence of
the signals along the roadway, which provide a
further component of delay. The effect of this
delay can be correlated to the signal density and
signal timings. The relation developed is a modi-
fied version of that in FHWA's micro assignment
model (13). This relation provides for travel time
to be dependent on volume and signal density. For
signalized roadways the equations are

So(n,w) + (v/c)f(n) v/c< 0.8
Sy +[(S3 -51)/0.2] (v/c)-0.8 08<vfc<1.0

S ®)
S, +[(5-8,)/05]1 (v/c)-1.0 1.0<vfc< 1.5
5 vfe>1.5
where
S = speed on signalized roadway at volume v

per lane (mph),
= roadway volume per lane (vehicles/h),
capacity per lane (vehicles/h),

a <
1o
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= gignal density (signals/mile),
w = posted speed (mph),
= speed reduction with unit increase in
v/c,
Sg(n,w) = free-flow speed for signalized roadway
with signal density n and posted speed
W,
S1 = speed when v/c = 0.8,

S, = speed when v/c = 1.0, and
Sg{n,w) = 3600/(3600/w) + 12.5n.
f(n) = -0.0672n3 + 0.781n2 - 3.2232n n<S5.5 (4a)
f(n)=0.138n-6.028 n> 5.5 (4b)

A family of curves that relate free-flow speed to
posted speed and signal density is shown in Figure
6. A family of curves that show average speed for
varying values of signal density (n), posted speed,
and values of v/c is illustrated in Figure 7.

Travel time curves may be constructed by using
the speed curves shown in Figure 7 and Equation 2.
The travel time curves developed are illustrated in
Figure 8,

Figure 8 shows that, although the effect of
signal density is somewhat masked, the travel time
relation behaves as would be expected.

ALGORITHM

Once the travel time functions have been defined for
each of the three paths in Figure 1, the problem
remains to determine how the travel demand from A to
B will be distributed among paths 1, 2, and 3.
Obviously, if all that is considered is the free-
flow travel time, all of the drivers will choose
path 1 (the freeway path) as in an all-or-nothing
assignment. But, the actual travel time increases

Figure 7. FHWA signalized roadway speed versus v/c.
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Figure 8. TTI signalized roadway travel time versus v/c.
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as each motorist enters the facility, so that even-
tually the path 1 travel time for an additional
motorist is increased such that, if that motorist
enters path 1, then path 2 or path 3 will have lower
free-flow travel times than the travel time on path
1 under the existing conditions. Since this is
contrary to Wardrop's first principle, the motorist
selects the minimum travel time path.

The travel time curve for each path, due to its
piecewise linear nature, contains a series of in-
flection points (discontinuities). The successive
evaluation of these critical points is the basis for
this algorithm. The free-flow travel time of each
path (the intercept with the travel time axis) is
considered to be a critical point. The remaining
critical points (discontinuities) on the curves
project onto the travel time axis to define the
intervals of travel time for which the slopes of all
of the travel time curves are simultaneously con-
stant. The total assigned volume is computed at the
upper limit of each of these travel time intervals.
When this assigned value exceeds the total demand,
the volumes on each path are backed off simulta-
neously, proportional to the slopes of the piecewise
linear travel time curves on that interval.

CALCULATOR ROUTINE FEATURES AND CAPABILITY

The routine has undergone several revisions in its
development. The addition of enhancements and
modifications to the original routine is an evolu-
tionary process. Improvements in run time, program
structure, and number of steps and memories have
been accomplished to increase the efficiency and
applicability of the procedure.

Original Procedure

The original procedure was developed for the algo-
rithm just described to consider a typical urban
freeway corridor in Texas. The three parallel paths
available were established as the freeway main

lanes, frontage roads, and a parallel arterial
street. The input data are given in the table below.
Input Data Freeway Frontage Road Arterial
No. of lane X X

Distance X X X

Speed X X X

Capacity X X X

Signal density X X

Total demand

The input data along with embedded data in the
routine provide the characteristics of the facility
and demand volume. The piecewise linear segment of
each travel time curve is established at v/c of 0,
0.8, 1.0, and 1.5. A representative series of
travel time curves are illustrated in Figure 9. The
free-flow speed is the only variable (and number of
signals for nonfreeway paths) that the user can
input to describe the curve. The corresponding
speeds for v/c of 0.8, 1.0, and 1.5 are fixed inter-
nally. The output for the original routine are
system travel time (at equilibrium), traffic volumes
on each path, and v/c for each path.

The original routine satisfied the objectives of
the study. During its development, certain struc-
tural and design limitations were recognized. Also,
several enhancements, modifications, and variables
input were recognized as desirable for incorporation
in the procedure.

Procedure Extensions

The original procedure was revised. The revised
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procedure still retained the basic three alternate
path algorithms. It used fewer program steps, less
input cards, and fewer memory locations. The use of
indirect addressing and skip on zero routines im-
proved computational efficiency.

One improvement in the program structure is that
any number of freeways, frontage roads, or arterial
streets may be used to a maximum of three total
paths., Input of these path data may be in any order.

To provide greater flexibility and utility of the
procedure, three variables were added--quality of
progression factor, variable overcapacity limit, and
variable overcapacity speed. The quality of pro-
gression factor (range of 0-1) provides a means to
model the progressive quality along an arterial
street or the frontage road to match existing or
future operational characteristics more closely. The
default value is one.

The overcapacity limit and the overcapacity speed
are related. The overcapacity limit is the v/c for
the final reference point on the travel time curve.
The default value is 1.5. The input is 0 for the
default value or a value greater than 1.0. The
overcapacity speed is the corresponding speed at the
overcapacity limit used. The default value is 10
mph for freeways and 5 mph for signalized facili-
ties. These three new variable inputs provide great
flexibility for the user to model the problem to be
analyzed. This flexibility provides increased
ability to model real-world conditions in a corri-
dor. However, this flexibility requires that addi-
tional user instructions be provided to aid in
proper selection of the variable values.

To increase the capability of the procedure to
better model greater complexity and provide addi-
tional path alternative analysis, two features were
added to the program. The first addition is the

ability to handle more than one speed along a path.
This corresponds to be the ability to analyze dif-
ferent travel times on segments of a path. An
example would be different posted speed limits along
an arterial street. The second feature is the
capability to analyze more than three alternate
paths or a combination of parallel streets. This
feature is directed toward providing the capability
of analyzing freeway main lanes, frontage roads, and
three parallel arterial streets as alternate paths.
The multiple alternate paths for the facility type
are preprocessed to provide a composite representa-
tion of the facilities before input to the main
algorithm, The algorithm output for those facili-
ties is then fed into a postprocessor to provide the
estimated traffic assignment to those paths. Exten-
sions to multiple paths or three representations of
corridor facilities could be analyzed similarly by
the procedure.

SUMMARY

The application of programmable calculator routines
and simplified methodologies to analyze TSM alterna-
tive improvements in a freeway corridor is shown.
The ability of the calculator routine to analyze
more than the basic three-path situation is indi-
cated for corridor traffic assignment.

The routine is part of a continuing HPR research
study. The procedure is undergoing continuing
revision and evolution to increase the efficiency
and widen the applicability of the procedure to
corridor evaluations.
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Consideration of Alternative Access, Egress, and Line-Haul
Travel Choices Within UTPS Framework

ASHOK KUMAR AND YEHUDA GUR

In many large metropolitan areas more than one line-haul transit service is often
available in some travel corridors. Examples include express bus and rail rapid
transit, commuter rail and rail rapid transit, private suburban bus lines and com-
peting service provided by regional transit operator. This is especially true as
one moves away from the core area and corridors become wider. Coupled with
the choice of line-haul modes are several choices of accessing these modes such
as walk, feeder bus, park-and-ride, and kiss-and-ride. This paper addresses these
issues and describes a systematic procedure for analyzing such mode choices. It
is argued that straightforward use of urban transportation planning system
(UTPS) programs prevents meaningful analysis of important policy issues due to
their all-or-nothing assignment principle, when real access-egress and line-haul
choices have to be considered.

Much progress has been made in the last two decades
in quantitative aspects of long-range planning of
highway and mass transportation facilities. The
forecasting of travel demand along highway links and
transit lines that comprise the transportation net-
work of a metropolitan area has been greatly facili-
tated by the availability of two software packages,
PLANPAC (1) and Urban Transportation Planning System
(UTPS) (2), developed by the U.S. Department of
Transportation, Several publications (3,4) describe

the sequence of trip generation, trip distribution,
mode choice, and route-assignment models used to
simulate the traffic flow by using these packages.
This paper addresses the problems associated with
application of computer programs UNET, UPATH, UPSUM,
UMODEL, and ULOAD (2) if alternative access, egress,
and line-haul choices are available between an ori-
gin-destination (0-D) pair. Briefly, UNET is used to
prepare the computerized description of a transit
system that serves the study area. UPATH finds the
minimum impedance (travel time, travel cost, or
both) path between any O-D pair in the system and
zone-to-zone fare matrix. UPSUM computes the travel
time along minimum impedance path and can store the
time spent walking, waiting, transferring, and in-
motion along various travel modes (walk, automobile,
bus, or rail) used between an O-D pair. UMODEL com-
putes the share of transit trips (mode split) given
the transit level-of-service data prepared by UPATH
and UPSUM, highway level-of-service data prepared by
either PLANPAC programs BUILDHR (1) and BUILDVN (1),
or UTPS programs HR (2) and UROAD (2). It computes
total person trips between an O~D pair by using a
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user~specified mode split model. Finally, ULOAD
loads the resulting transit trips along the minimum
impedance path to produce a transit assignment.

PROBLEM DEFINITION

The process described above is satisfactory for syn-
thesizing transit travel patterns if only one tran-
sit path is overwhelmingly used by an O-D pair. How-
ever, in large metropolitan areas, as one moves away
from the core of the region, several options for
commuting exist. For example, rail rapid transit
with walk, feeder bus, park-and-ride and kiss-and-
ride access; express bus with walk, feeder bus,
park-and-ride, and kiss-and-ride access. Even if a
very fine zone system and detailed network descrip-
tion are used in demand analysis, the problem of
all-or-nothing assignment cannot be easily overcome.
Assessment of travel demand along competing line-
haul and access-egress service is essential in proj-
ect-level planning and design of transit facili-
ties. The following sections describe the com-
puterized network analysis and mode choice estima-
tion process developed for the Northeast Ohio Area-
wide Coordinating Agency (NOACA) as part of its
alternatives analysis work program. It is described
in detall elsewhere (5). The procedure follows, in
its general structure, the mode split procedures of
the Chicago Area Transportation Study (CATS) (6) and
the North Central Texas Council of Governments (7).

Modeling Procedures

The procedure provides

1. Explicit estimation of use of one or more
available line-haul transit modes;:

2. Explicit representation and estimation of ac-
cess-egress modes and their impact on use of main
line-haul mode;

3. Method to represent parking fee-walking dis-
tance trade-off faced by automobile users in high-
density areas, such as the central business district
(CBD) ; and

4. Method to represent and analyze impacts of
alternative transportation system management strate-
gies (such as parking costs, toll pricing, fare
changes, and fuel price changes) on transit use.

Modeling Structure

The heart of the procedure is a disaggregate logit
mode-choice model that estimates modal use for in-
dividual trips. The procedure provides a modeling
structure, including sampling and aggregation pro-
cedures based on the principles of Monte Carlo sim-
ulation (5), that links the mode-choice model to
available aggregate descriptors of level-of-service
and socioeconomic attributes of the travelers.

The mode choice model is a modified nested binary
choice logit model. The derivation of logit choice
models and the justification of their use for the
analysls of mode choice are thoroughly discussed in
the literature [for example, see Lisco and Stopher
(8,9), and McFadden and Domencich (10)]. The analy-
sis of transit starts with an estimation of the dis-
utility of each access and egress mode of each valid
transit path. The submode that has the least dis-
utility is assumed to represent the resultant dis-
utility of the access and egress portions of the
path. Given the access and egress resultant dis-
utilities and the line-haul service attributes, the
composite disptility of each valid transit path is
determined.

The transit path that has the least disutility is
assumed to represent the resultant disutility of
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transit for analysis of the automobile versus tran-
sit mode choice. A bhinary logit mode choice formu-
lation is used in computing the probability of
choosing transit [P.(t)] and automobile [P (a)].
The automobile option reflects both drive alone and
passenger modes. In order to develop the vehicle
trip table for highway assignment, the expected
automobile occupancy is estimated as a function of
(a) trip purpose, (b) trip length, (¢) trip orienta-
tion, and (d) zonal income of the tripmaker's place
of residence. The development of the automobile-oc-
cupancy model and associated look-up curves are de-
scribed elsewhere (5,11). The expected automobile
occupancy is also used in computing the disutility
for automobile travel. Automobile operating cost
and parking fee are divided by expected automobile
occupancy to reflect shared cost of automobile
travel among the occupants.

After the probability of transit use has been
computed, the probability of using alternative tran-
sit line-haul modes is computed by using a binary
choice logit model. The results are then weighted
by the probability of using transit. In its present
form, the modeling process assumes that the individ-
ual tripmaker will use the best access and egress
mode associated with each line-haul mode with the
probability one. Therefore, absolute probability of
the best access and egress mode is taken to be equal
to the probability of line-haul mode computed above.

Note that simulated trips that originate from the
same 2zone will have different access-egress modes
that have the least disutility depending on the dis-
tance from the line-haul facility. Therefore, at
the zonal 1level, distribution over various access-
egress modes is achieved. This contrasts sharply
with the conventional use of UNET and UPATH programs
where all trips get assigned to the centroid connec-
tor by providing access to the transit network. De-
tails of disutility calculations and estimation of
mode-choice probability follow. Details of the model
structure can be found elsewhere (5).

DISUTILITY CALCULATIONS

The variables in disutility calculations are defined
in Table 1.

For transit access, the disutility of walk access
to line-haul facility i is computed as

Uya(i) = VWALK x WKTL(i,2) : 0
Upa (i) = VWALK x WKTB(i,2) + VWAIT x WITB(, a)

+VIVT x BIVT(I,2) + VCOST x BAFAR(, a)

+VTFER x | + VBIASA(B) 0)

where i is the transit path and a is access.
Disutility of park-and-ride access is computed as

Upa() = VWALK x PRWK (i) + VIVT x PRIVT (i)
+VCOST x [PROPC(i) + 0.5 x PRPCST(i)] + VBIASA(P) 3)

Disutility of kiss-and-ride access is computed as
Upa(i) = VIVT x 2 x PRIVT() + 2 x VCOST x PROPC(i) + VBIASA(k)  (4)
Resultant access disutility is computed as

U, () = Min[U$), u®, u®

W )

For transit egress, the disutility of walk egress
from transit line-haul is computed as

Uye(i) = VWALK x WKTL(, €) 6)
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where e is egress.
Disutility of feeder bus egress is computed as

Upe(i) = VWALK x WKTB(, e) + VWAIT x WITB(, ¢)
+VIVT x BIVI(i, &) + VCOST x BAFAR(, ¢)

+ VTFER x 1 + VBIASA(B) @)
Resultant egress disutility is computed as
Ue (i) = Min [Uye (i), Ups(@)] ®

For transit line-haul, the disutility of transit
line-haul path is calculated as follows:

Ugm() = VWAIT x TOVT() + VIVT x TIVT()

+ VTFER x NTFER(i) + VBIASTM() + U, () + U () &)
where i is 1 for a path that contains feeder bus and
express bus only and i is 2 for a path that contains
feeder bus and rail only.

Resultant transit utility is calculated as

Up = Min [Ugm(1), Uim(2)] + VBIAST (10)
For automobile, the disutility of automobile
travel is calculated as
U, = VIVT x AIVT + VWALK x AWTIME (D)
+ {VCOST[0.5 x APCOST(D) + AOPC] /OCC} + VAA x AA an
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The probability of choosing transit is computed as

P(t)=1/[1 + exp(U, - Uyl 12)

The probability of choosing automobile is com-
puted as
Pe(a) = 1 - Po(t) (13)

The probability of choosing specific transit path
is calculated as

14
(15)

Reltm(D] = (1/{1 + exp[Uim(2) - Upm(D)] x B ()} )
P [tm(2)] =1 - P [tm(1)]
The values of calibration parameters used in dis-

utility calculations are given in Tables 2 and 3 for
trips destined to the CBD and to the non-CBD, re-

spectively. These values were obtained by research-
ing the disaggregate mode choice literature and
fine-tuning them to replicate observed ridership

patterns in the Cleveland metropolitan area. The
details of the model calibration and validation pro-
cedures can be found elsewhere (5).

SYNTHESIS OF A PSEUDOOBSERVATION

As mentioned earlier, the modeling process described
in this paper uses pseudosample enumeration tech-
nique to provide zonal level aggregate mode-split

Table 1. Variables used in modal disutility calculations for trips to CBD and non-CBD destinations.

Notation Description Notation Description
WKTL Walk time to or from line-haul facility AIVT In-vehicle time spent driving automobile if automobile is line-haul
WKTB Walk time to or from feeder bus that serves line-haul facility mode
WTTB Wait time to board feeder bus AOPC Operating cost of driving automobile if automobile is line-haul mode
BIVT In-vehicle time spent riding feeder bus AA Automobile availability estimated as AA = 0, if no. of automobiles
BAFRA Fare for feeder bus owned by household is 0, AA = 0.8 + 0.2/(no. of persons in the
PRWK Walk time from park-and-ride lot to line-haul facility household), if no. of automobiles owned by household is 1, and
PRIVT In-vehicle time spent driving automobile to park-and-ride AA =1, if no. of automobiles owned by household is 2 or more
lot Uwa Disutility of walk access
PROPC Operating cost of driving automobile to park-and-ride lot Upa Disutility of feeder bus access
PRPCST Parking fee for leaving car at park-and-ride lot Upa Disutility of park-and-ride access
TOVT Total wait time to board first line-haul and subsequent line- Uka Disutility of kiss-and-ride access
haul facilities Uy Resultant access disutility
TIVT Total in-vehicle time spent riding first line-haul and sub- Uy Disutility of walk egress
sequent line-haul facilities Upe Disutility of feeder bus egress
NTFER No. of line-haul transfers U, Resultant egress
AWTIME(D) Walk time between parking lot and final destination if auto- Utm Disutility of transit line-haul path
mobile is line-haul mode Uy Resultant transit disutility
APCOST(D) Parking fee paid if automobile is line-haul mode U, Disutility of automobile line-haul travel

Table 2, Calibrated values of parameters used in modal disutility calculations for trips to CBD.

Home-Based
- Non-Home-Based
Description Notation Work Trips Nonwork Trips School Trips Trips
Value of in-vehicle time (min) VIVT -0.025 -0.012 -0.025 -0.016
Value of out-of-pocket cost (¢) VCOST -0.012 -0.01 -0.012 -0.008
Value of out-of-vehicle walk time (min) VWALK -0.058 -0.04 -0.058 -0.024
Value of out-of-vehicle wait time (min) VWAIT -0.09 -0.03 -0.09 -0.048
Value of no, of transit transfers VTFER 0 0 0 0
Value of automobile availability VAA 0 +4,12 0 NA
Value of bias coefficient for feeder bus VBIASA(B) 0.25 0 +0.25 +0.35
mode of access-egress
Value of bias coefficient for park-and- VBIASA(P) -0.36 -0.22 -0.36 -0.125
ride mode of access
Value of bias coefficient for kiss-and- VBIASA(K) -0.40 -0.26 -0.40 -0.1
ride mode of access
Value of bias coefficient for express bus VBIASTM(E) +0.31 -0.52 +0.31 -0.67
in line-haul operation
Value of bias coefficient for rail transit VBIASTM(R) +0.31 -0.45 +0.31 -0.43
in line-haul operation
Value of transit bias VBIAST +0.14 +2.48 +0.14 +0.06
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Table 3. Calibrated values of parameters used in modal disutility calculations for trips to non-CBD.
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Home-Based
Non-Home-Based

Description Notation Work Trips Nonwork Trips School Trips Trips
Value of in-vehicle time (min) VIVT -0.01 -0.001 -0.001 -0.008
Value of out-of-pocket cost (¢) VCOST -0.01 -0.01 -0.010 -0.009
Value of out-of-vehicle walk time (min) VWALK -0.03 -0.03 -0.021 -0.05
Value of out-of vehicle wait time (min) VWAIT -0.06 -0.04 -0.05 -0.05
Value of no. of transit transfers VTFER ~-0.23 -0.1 -0.10 0
Value of automobile availability VAA +3.3 +5.0 +3.5 NA
Value of bias coefficient for feeder bus VBIASA(B) +0.42 +0.23 +0.34 +0.55
Value of bias coefficient for park-and- VBIASA(P) ~0.55 -0.10 -0.73 -0.60

ride mode of access
Value of bias coefficient for kiss-and- VBIASA(K) -0.25 -0.10 -0.40 -0.40

ride mode of access
Value of bias coefficient for express bus VBIASTM(E) -0.65 -1.75 -0.87 -1.50

in line-haul operation
Value of bias coefficient for rail transit VBIASTM(R) ~0.70 -1.35 +0.13 -1.45

in line-haul operation
Value of transit bias VBIAST 1.67 #1332 +2.65 -1.56
forecasts for planning purposes. This is one of the (14). These distributions have been hardcoded in-

most satisfactory procedures to develop aggregate
mode-split rates by using disaggregate mode choice
models when computer resources are available. De-
tails and discussion of aggregate forecasting from
disaggregate choice models can be found elsewhere
(5,12). A computer program, MSPLIT (13), was
written that performs the necessary Monte Carlo
simulation by sampling frequency distributions of
zonal sociceconcmic attributes and level-of-service
data. The process is described briefly here and de-~
tails can be found elsewhere (5).

Assigning of Automobile-Related Level-of-Service
and Socioeconomic Attributes

The components of disutility associated with automo-
bile travel are shown in Equation 11l. Automobile in-
vehicle time and operating costs on the line-haul
portion of the journey are taken from input zone-to-
zone highway travel time and distance skim ma-
trices. The intrazonal variability of these compo-
nents is assumed to be small and so can be ignored.
For non-CBD destinations, walk time at destination
and parking fee are also assumed to have minimal
intrazonal variability and are estimated by using
input zonal level data. For high-density areas such
as the CBD, where considerable variation in parking
fee choice and associated walking distance to reach
the final destination exists, a simulation approach
is used to assign these attributes to the sampled
observation, Cumulative probabilities of walking
certain distances between the parking lot and final
destination in the Cleveland CBD are shown elsewhere
(5). These values were derived from a special park-
ing lot survey conducted in the downtown area. In
addition, for each traffic analysis zone within the
CBD area, a curve was derived to show the minimum
parking fee that must be paid if one wishes to park
within 0.1, 0.2, 0.3,...,1.0 mile from the zone cen-
troid. MSPLIT generates a walking distance randomly
by using the aforementioned probability distribution
and computes a parking fee for the associated dis-
tance by using input parking fee-walking distance
curve. Methodology for constructing these curves is
also described elsewhere (5).

Automobile availahility (AR) for the pseudoobser-
vation 1is estimated by random sampling from the
joint distribution of automobile ownership and
household size available for the zone of trip pro-
duction. The methodology for developing joint auto-
mobile ownership and household size distributions as
a function of zonal mean automobile ownership and
zonal mean household size is described elsewhere

side the MSPLIT computer program. Automobile avail-
ability is defined by using the sampled number of
automobiles and number of persons in the household,
by using the relation given in Table 1. Since
households that have a greater number of automobiles
make more trips than households that have no car or
fewer cars, the Jjoint probability distribution of
automobile ownership and household size is weighted
prior to sampling by the relative tripmaking fre-
quencies of households of varying size and automo-
bile ownership characteristics. These tripmaking
frequencies are input to MSPLIT as control cards;
their derivation is described elsewhere (15).

Determining Choice Set of Public Transportation

The number of transit paths that are assumed to be
available to a pseudoobservation and their char-
acteristics depend on the transit network. The
available access-egress submodes vary for each path,
depending on the priority mode of the path and auto-
mobile ownership levels. The following paragraphs
explain the process of determining the choice set
and its attributes.

Four distinct types of transit service are avail-
able in the Cleveland metropolitan area. In the
densely developed central city area, frequent radial
and crosstown bus service is provided. These routes
are designated as local bus routes and are coded as
mode 4 in the UNET (2) transit network description.
The service to inner and outer suburbs within
Cuyahoga County and adjacent developed communities
is provided by using radial bus routes that operate
more frequently during rush hours. These routes are
designated as express bus routes and are coded as
mode 6 in the UNET transit network description. 1In
addition to the local and express bus service, a
heavy rail line service is available within Cleve-
land and two light rail lines operate between Shaker
Heights and the Cleveland CBD. Heavy rail service is
coded as mode 7 and light rail service is coded as
mode 8 in the UNET network description. Local
crosstown buses interface with the express bus and
rail service and, therefore, provide feeder service
as well. Modes 4, 6, 7, and B are operated by the
regional transit authority. Limited intercity bus
service between the Cleveland CBD and some of the
outlying communities in Lorain and Lake Counties is
also provided by private operators. This service is
designated as mode 5 in the network description.

Nontransit modes 1, 2, and 3 are used to desig-
nate CBD sidewalk links, centroid automobile connec-—
tors, and centroid walk connectors, respectively.



Transportation Research Record 895

The automobile connectors are used only if express
bus and rail service cannot be accessed by using
local bus from any given 2zone. As will be shown
later, level-of-service provided by alternate access
modes is estimated by using a zonal transit service
{(2T8) description file (13) prepared exogenously.

The modeling process developed for the Cleveland
area is capable of analyzing mode split between com-
peting rail and express bus service (if available)
between any O-D pair. In order to accomplish this
split, it is necessary to develop three sets of
transit paths by using computer program UPATH (2).
These paths are developed as follows:

1. Set 1 includes paths developed by using com-
plete transit network description.

2. Set 2 includes paths developed by using tran-
sit modes 4, 5, and 6 only; that is, rail service is
excluded from the network description by using no
transfer allowed (NOX) option of UPATH (2).

3. Set 3 includes paths developed by using tran-
sit modes 4, 5, 7, and 8 only; that is, express bus
service is excluded from the network description by
using the NOX option.

Each set is then analyzed to determine for each
O-D pair:

1. Priority mode, that is, the highest numbered
mode used in the path;

2. First line-haul mode used;

3. Last line-haul mode used;

4. Wait for first line-haul and subsequent line-
haul modes used in the path;

5. Total line-haul in-vehicle time;

6. Number of line-haul transfers;

7. Automobile in-vehicle time, if access to the
transit system is using mode 2 (automobile connec-
tor); and

8. Wait time for the feeder bus at the origin
end, if feeder bus is not part of the line-haul.

A computer program TPATH (5,13) has been written
to facilitate the transit path analysis mentioned
above. This program is similar in concept to the
UTPS program UPSUM (2). Both programs read the path
description produced by UPATH and prepare zone-to-
zone transit skim trees. TPATH, however, distin-
guishes between the line-haul and access-egress por-
tions of the paths. It trims the access-egress por-
tions of the path and summarizes in the skim trees
only the line-haul attributes.

Legs that have mode 3 are never considered part
of the 1line-haul. The only exception is in the
high-density area, such as the CBD, where the de-
tailed sidewalk network (mode 1) and fine zone sys-
tem are used. If program (TPATH) encounters a 3-1
or 1-3 mode sequence, then those legs are also con-
sidered part of the line-haul. This preserves the
user-coded travel impedahce, which is considered
sufficiently accurate. Intrazonal wvariability in
such areas is assumed to be small and can be ignored.

Legs that have modes 6, 7, or 8 (express bus and
rail) are always considered part of the line-haul
and are never removed from the network. If the
highest numbered mode used in the path is 5 or less
(local or suburban bus as the priority mode), 1legs
that have modes 4 or 5 are considered part of the
line-haul.

If mode 6, 7, or 8 is the priority mode in the
path, legs that have mode 4 at the beginning or end
of the line-haul portion are considered either ap-
proach (access-egress) or line-haul legs, depending
on the user-specified criteria for either end. The
decision to remove modes 4 and 5 from the line-haul
portion depends on input values of two parameters:
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1. CRTIME--If the in-vehicle time on modes 4 or
5 is greater than the criterion CRITIME, then they
are considered part of the line-haul or

2. CRATIO--If the ratio of the in-vehicle time
on modes 4 or 5 to the total path's in-vehicle time
is greater than criterion CRATIO, then they are con-
sidered part of the line-haul.

By using these two parameters it is possible to pre-
serve transit legs of certain length at either end
as part of the line-haul.

If a leg that has mode 2 (automobile connector)
is the first leg in the path, then it is considered
part of the line~haul. Recall* that automobile con-
nectors are coded only if access at the origin end
is not possible by using walk and feeder bus modes.
Automobile egress is never permitted in the path
building.

Determination of Choice of Access Modes

The choice set generated for a pseudoobservation
depends on the use of the first line-haul mode as
determined by TPATH. 1If the first line-haul mode is
4 or 5, then only walk access is considered. 1If the
first line-haul mode is 6, 7, or B8, then walk,
feeder bus, kiss-and-ride, and park-and-ride options
are considered for automobile-owning households and
walk and feeder bus for non-automobile-owning house-
holds.

Determination of Choice of Egress Modes

The choice set for pseudoobservation for egress is
based on the use of the last line-haul mode. If the
last line~haul mode is 4 or 5, then only walk egress
is considered. 1If the last line~haul mode is 6, 7,
or 8, then walk and feeder bus, if available, are
considered for egress.

Determination of Choice of Transit Line-Haul Paths

The determination of choice for line-haul travel de-
pends on the priority mode along three sets of paths
(full network, network excluding rail service, and
network excluding express bus service) as analyzed
by using TPATH. The identification of choice set is
done as follows. If the priority mode is 5 or less
on full network (network 1), then the only alterna-
tive to automobile is the local or suburban bus.
Estimated transit trips are assigned to network 1.
If the priority mode is 6 on network 1 and the path
in network 1 is identical to the path in network 2
(no rail present), two cases are possible, namely:

1. No connection in network 3 (no express bus
present) is found; therefore, no rail alternative to
express bus exists between the 0-D pair in question.
No line-haul choice is analyzed and trips are as-
signed to network 2.

2., Connection in network 3 is present. If the
connection in network 3 has a priority mode of 7 or
8, then the transit split is estimated and trips are
further split between network 2 and 3. If the pri-
ority mode in network 3 has a priority mode of 5 or
less, no line~haul split is estimated and all trips
are assigned to the express bus path.

If the priority mode is 7 or 8 on network 1, three
cases are possible, namely:

1. No priority mode 6 connection in network 2;
in this case no competing express bus service is
identified and no line-haul split is performed. All
transit trips are assigned to network 3.

2. Paths on network 1 and network 3 are not
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identical; in this case, the network 1 path includes
both rail and express bus legs, and thus is better
than the rail-only path on network 3. No line-haul
split is performed. All transit trips are assigned
to network 1.

3. Paths on network 1 and network 3 are identi-
cal and priority mode on network 2 path is mode 6;
in this case there is a choice between express bus
and rail. The transit trips are split between two
line-haul choices and are assigned to networks 2 and
3.

The determination of number of line-haul paths to
be analyzed is done by MSPLIT by using zone-to-zone
skim tree matrices produced by computer program
TPATH.

Simulation of Access-Egress Impedance

TPATH trims those legs from the transit path that
are considered approach links (access-egress). For
pseudoobservations generated between an O-D pair, it
is assumed that line-haul disutility components are
identical for observations and the variation exists
mainly in access-egress components. It is further
assumed that the bulk of the intrazonal variability
can be described by the variability of distance be-
tween trip ends and transit stops or stations. Thus,
the input to MSPLIT (13) includes a description of
the frequency distributions of distance to transit.
Separate distributions can be specified for each
zone, transit mode, and residential and nonresiden-
tial trip end. The distributions are specified in
terms of the type of the distribution function and
its parameters. Any of the five distributions can
be used--linear, bilinear, step, bounded normal, or
bounded exponential.

In the process of generating a pseudoobservation
the program samples the distribution that corres-
ponds to the first line-haul mode and the origin
zone. The resulting distance is converted into ac-
cess submodes service measures such as walk time,
in-vehicle feeder bus time, and automobile-in-ve-
hicle time by using user-specified zonal speeds. The
total access impedance by each of the modes is
determined by considering all the other standard
components, such as feeder bus waiting time and
automobile parking costs, as 1listed in Table 1.
These elements are specified at the zonal level. A
similar procedure is used to determine the egress
impedance at the destination.

Determining the Frequency Distributions of
Distance to Transit

The Northeast Ohio Areawide Coordinating Agency mode
split procedure provides a default method to esti-
mate the distributions based on available or easily
obtainable data. The default procedures are suffi-
ciently accurate for most standard cases. They were
formulated based on a simulation analysis and vali-
dated by comparison to manually derived distribu-
tions (16,17). The default procedure is driven by a
separate computer program, DFREQ (13). In standard
applications the default distributions are used in
the majority of cases, with user-determined distri-
butions for areas that have odd-shaped service or
are of a special interest.

Two types of transit service are considered--con-
tinuous and discrete. Continuous service is char-
acteristic of 1local buses and express buses that
operate in the collector-distributor phase, when
they stop frequently to serve passengers. Discrete
service is characteristic of rail lines and express
buses that operate in the line-haul phase, when they
stop only at a few designated locations. Gur showed
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(5) that frequency distribution of distance to con-
tinuous service can best be described as a linear
function. The distribution to discrete service can
best be described by a bounded normal distribution.
DFREQ determines the distributions' parameters.

Parameters of the Linear Distribution Function
and Their Estimation

The parameters of the linear function are as follows:

XMIN--minimum distance to the continuous bus ser-
vice,

XMAX~--maximum distance to the continuous bus ser-
vice, and

Slope R--ratio of probability to walk distance
XMAX to XMIN.

The parameters are estimated as a function of den-
sity of service (route miles of service operating
per square mile of the zonal area) and activity con-
centration (that is, the extent to which trip ends
are concentrated near the transit service).

The activity concentration factor can either be
specified by the user or determined inside the pro-
gram as a function of the percentage of the develop-
ed area in the zone. Another option is to specify
different concentration factors for residential and
nonresidential trip ends in order to account for the
higher propensity of commercial areas to locate in
accessible locations.

Parameters for Bounded Normal Distribution
and Their Estimation

The parameters of the bounded normal distribution
are as follows:

DMIN--minimum distance to discrete service,

DMAX--maximum distance to discrete service, and

SIGMA--standard deviation of parent complete
normal distribution.

The discrete transit service (express bus, rail-
rapid transit, or both) available for each traffic-
analysis zone is described by specifying up to three
nodes for each mode on the transit network that
serves the 2zone 1in question. A separate station
data (SDATA) file is coded, which gives X and Y co-
ordinates of each transit node and zone centroid.
The program DFREQ estimates the parameters of the
distribution by assuming a square zone and calculat-
ing the distribution of distance from the zone's
area to the closest transit station. For further de-
tails see elsewhere (5).

Depending on the nature of analysis, MSPLIT can
be used to estimate either zonal transit trip ends
or zone-to-zone transit trips (transit trip table)
for assignment purposes. The sampling logic used to
generate pseudoobservations is fully described else-
where (5).

MSPLIT also saves the attributes of automobile
and transit modes simulated for a pseudoobservation
in a sample file. By manipulating attributes such
as travel time or travel cost in the sample file,
MSPLIT can be rerun rather inexpensively to assess
the impact on mode split.

TRANSIT TRIP ASSIGNMENT

Since the modeling procedure described uses three
sets of paths (full network, network with no rail,
and network with no express bus service) and pro—
duces three path-specific transit trip tables, a
special trip-loading sequence is necessary by using
computer program ULOAD (2). The loading Jjob con-
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sists of three steps. In the first step the trip
table created by using full network is loaded to the
paths created by using full network. The resulting
partly loaded legs are saved and serve as an input
to the next step. In the second step the trip table
created by using network without rail is assigned to
the partly loaded network from step 1 on the paths
described by network with no rail service included.
The resulting leg file is used as an input to the
last stage of the process, where the trip table
created by using network without express bus is as-
signed, by using paths described by network with no
express bus service included. This multiple loading
option is facilitated by the LEGS2 option of the
UTPS program ULOAD.

CONCLUSIONS

The modeling process described provides a flexible
framework for analyzing multiple options of access-
egress modes available to a tripmaker. When pres-
ent, the process provides a mechanism to split tran-
sit travel between two line-haul modes that serve an
O0-D pair. The disutility expressions used in the
nested logit model use explanatory variables that
are commonly used in network and trip generation
analysis for a metropolitan area and are suited for
long-range policy planning as well.

There are a number of obvious advantages to using
this modeling process., First, it permits the analy-
sis of policy issues that relate to selecting the
service attributes of different transit modes that
serve the same areas. Second, the inputs to the
program describe easily measurable attributes of the
transit system. The procedure relieves much of the
weight of the approach 1link coding, which in stan-
dard models is a major determinant of the transit
network loading.
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I'ransferability Analysis of Disaggregate Choice Models

FRANK S. KOPPELMAN AND CHESTER G. WILMOT

The transferability of disaggregate choice models is widely assumed in travel
demand analysis and forecasting. However, research results are mixed in their
assessment of transferability. This paper considers transferability from the per-
spective of the usefulness of information provided by a model that predicts in

a context different from that in which it is estimated. Issues that influence
transferability are discussed and methods are formulated to evaluate transfer-
ability. These methods are demonstrated by application to spatial transfer be-
tween pairs of geographic sectors within a single urban area by using identically
specified models. This application provides useful insights into the transferabil-
ity of choice models. We observe an inconsistency between general measures of
error that indicate that transferability in this context is appropriate and statisti-
cal analyses that reject hypotheses that support transferability. Model transfer-
ability is a property of the estimation and application contexts as well as the
specification of the model. Transferability is substantially improved by adjust-
ment of alternative-specific constants. These results indicate the need for addi-
tional research to identify the conditions of model specification and context
characteristics for which model transfer is effective. Directions for such re-
search are identified.

The transfer of a model is the application of a
model formulated and estimated in one context to
another context. Transferability implies that the
model transferred can provide useful information
about the behavior or phenomenon of interest in the
application context. The transferability property
is commonly invokeé implicitly when models are esti-
mated on historic data and used to predict into the
future. The transferability property is invoked
explicitly when models are estimated in one area and
used to predict in another area.

The purpose of this study is to develop an ap-
proach to examine the transferability of disaggre-
gate travel choice models. We describe this ap-
proach and demonstrate it by application to the
intraregional transfer of a disaggregate model of
mode choice to work. This application demonstrates
the usefulness of the proposed approach when study-
ing the transfer of a specific model specification
bhetween different spatial contexts.

ISSUES IN MODEL TRANSFERABILITY

Model transferability has been discussed extensively
in the travel demand analysis and prediction liter-
ature. Yet, there is little agreement on the defi-
nition of transferability or on the circumstances in
which it is appropriate. A set of issues that need
to be addressed includes the following.

First, we define transfer as the application of a
model, information, or theory about behavior de-
veloped in one context to describe the corresponding
behavior in another context. We further define
transferability as the usefulness of the transferred
model, information, or theory in the new context.

Second, we identify two general conditions, one
theoretical and one practical, for effective model
transferability. The theoretical condition for
model transferability is that the underlying behav-
ioral process described by the model is the same in
the application context as in the context in which
the model was estimated. If this condition does not
hold (if, for example, people in one context are
utility maximizers and people in another context are
satisficers), models will not be transferable be-
tween the contexts. However, if this condition does
hold, a further practical condition for model trans-
ferability is that the model be well-specified and
that the data used to estimate it are such that the
model describes the underlying behavioral process.

Third, transferability is not satisfactorily de-

scribed as a dichotomous property. Rather, it is
appropriate to consider the degree of transferabil-
ity of a model, theory, or information from one con-
text to another (1). Thus, we must develop measures
that describe transferability in continuous terms.

Fourth, different portions of a model, theory, or
data may be more or less transferable than other
portions. Thus, it is appropriate to consider the
notion of partial transferability (2). That is, it
is appropriate to evaluate separable components or
portions of a model for transferability to a new
context.

Fifth, we distinguish between prior and posterior
analysis of transferability. Posterior analysis of
transferability is the determination that a model,
theory, or data would have been transferable to an
application context after observing the formulation
and estimation of an analogous model, theory, or
data in the application context. Prior analysis of
transferability is the determination that a model,
theory, or information is transferable before under-
taking a similar development effort in the applica-
tion context. Posterior analysis of transferability
may be used as a basis to make prior inference of
transferability in some new context. All empirical
studies undertaken to date have been posterior stud-
ies. The study reported in this paper is also a
posterior study; however, it is undertaken as a part
of an overall effort to develop a capability to make
prior inferences about transferability.

Sixth, we consider two distinct classes of tests
for model transferability--both applied to posterior
studies of transferability. Tests of model parame-
ters are designed to evaluate, either subjectively
or statistically, the degree to which the trans-
ferred model describes the behavioral process in the
application context. Tests of model predictions are
designed to evaluate, either subjectively or statis-
tically, the accuracy with which predictions of a
transferred model describe travel behavior in an
application context.

The work reported here addresses each of the
issues. We develop and apply methods to evaluate
the transferability of disaggregate travel choice
models. We assume the existence of behavior equiva-
lence (i.e., equivalent behavioral processes in each
context) and evaluate the transferability of a model
that has demonstrated its ability to reproduce
travel behavior in other studies. We consider
transferahility of portions of the model parame-
ters. We examine posterior transferability based on
tests of parameter equivalence and prediction use-
fulness.

METHODS FOR EVALUATING MODEL TRANSFERABILITY

A set of measures that may be used to evaluate model
transferability includes the following classes:

1. Tests of model parameter equality,
2. Tests of disaggregate prediction, and
3. Tests of aggregate~-zonal level--prediction.

The first set of measures is based on conventional
tests of equality between model parameters. These
tests are symmetric between contexts., The second
and third sets of measures describe the predictive
accuracy of the transferred model and can be formu-
lated as absolute tests or relative tests. The
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Figure 1. Sample log-likelihood for
alternative local and transferred
models.
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absolute measures are based on some comparison be-
tween transfer model prediction and observed be-
havior. The relative measures adjust these compar-
isons by the accuracy of prediction that would be
obtained by a similarly specified model calibrated
in the application context. Aggregate transfer mea-
sures differ from disaggregate measures because they
are influenced by the distribution of exogenous var-
iables in the aggregate group.

Model Parameter Equality

We hypothesize that the underlying choice process in
two or more contexts can be described by a common
model, the model equality test statistic (METS).
This is defined by

METS;; = -2[LL;jujBiu;) - LLi (3) - LL; (5;)] 1

where - LLi(Bj) is the 1log likelihood that the
behavior observed in context i was generated by the
model estimated in context j and iuj describes the
union of contexts i and j.

This test is analogous to the commonly used test
of equality of models between market segments (3).
In this case the market segments of interest are the
pair of contexts between which transferability is
being considered. The resultant statistic is chi-
square distributed with degrees of freedom equal to
the number of model parameters.

The METS statistic can be used to test the equal-
ity of the entire set of model parameters or a sub-
set of model parameters. In particular, we may con-
sider the case where some of the parameters of the
model are assumed to be context dependent and others
are assumed to be equal across contexts. Atherton
and Ben-Akiva (2), McFadden (4), and Ben-Akiva (5)
discuss the case of context-specific alternative-
specific constants. In this case the hypothesis to
be tested is that the underlying model is equal
across contexts with respect to a selected subset of
parameters. The resultant test is chi-square dis-
tributed with degrees of freedom equal to the number
of parameters tested for transfer.

These tests have been used in earlier studies of
transferability (6-9). Unfortunately, these tests
have an important deficiency in transferability
analysis. This deficiency is the inherent symmetry
of the tests, whereas transferability is a direc-
tional property. To observe this point, consider
two contexts; one is a large urban region with a
wide range of population groups and the other is a
suburban area of an urban area that has relatively
little diversity. Although it might be appropriate
to use a model estimated in the first context for
prediction in the second, it is unlikely that the
reverse transfer will be useful,

1L, (B.)
3

Local Model
Log likelihood
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Disaggregate Measures of Transferability

We formulate a set of transferability measures based
on the ability of a transferred model to describe
individual observed choices in the application con-
text. These measures are based on the generally
used log-likelihood measure. Specifically, we de-
fine the log of the likelihood that the observed
data in application context i were generated by the
transferred model estimated in context j [LLi(Bj)].
We examine this log likelihood of the transfetrred
model relative to the log likelihood for a null
(equal shares) model [LL;j(0)]; the log likelihood
for a market share model [LL;(MS;)]; the log
likelihood for a model estimated in the application
context [LLj(Rj)]: and the log 1likelihood of a
perfect model [LL;], which is equal to =zero.
The relation between these measures is shown in
Figure 1.

A natural measure of the transferability of the
model estimated in context j for application in con-
text i is the difference in likelihood between this
model and a corresponding model estimated in context

i, -[LLj (B4) - LLj(B4)1. We use this
measure to formulate three specific indices of
transferability.

First, we define the transferability test sta-
tistic (TTS) as twice the difference in log likeli-
hoods identified above:

TTS; (8) = -2[LL;i (8) - LL; (8)] @

This statistic is chi-square distributed with de-
grees of freedom equal to the number of model param-
eters under the assumption that the parameter vector
of the transferred model is fixed. This test is
useq' by McFadden and others (10) in their condi-
tional choice set test of the IIA property and by
Atherton and Ben-Akiva (2) in their tests of trans-
ferability between Washington, D.C., and New Bed-
ford, Massachusetts.,

This statistic tests the hypothesis that the
underlying parameter values in context i are equal
to the estimated values in context j. It is equiva-
lent to the model equality test statistic when there
is no error in the transferred parameter estimates.
Otherwise, it will have larger values than the model
equality test statistic and thus will be more likely
to reject the equality hypothesis. The transfera-
bility test statistic for model j applied to context
i is, in general, not equivalent to the correspond-
ing statistic for model i applied to context j.
Thus, it is possible and reasonable to accept trans-
ferability in one direction between a pair of con-
texts but reject it in the other.

Second, the transfer index (TI) describes the
degree to which the log likelihood of the trans-
ferred model exceeds some base or reference model
(we use the market shares model) relative to the
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improvement provided by a model developed in the
application context. We define TI by

Th () = [LLi(8;) - LL;(MS)]/ [LLi (8:) - LL; (MS;)] @

This index measures the predictive accuracy of the
transferred model relative to a locally estimated
model. TI has an upper bound of one, which it ob-
tains when the transferred model is as accurate as a
locally estimated model. This index does not have
any lower bound. Negative values imply that the
transferred model is worse than the 1local base
(market shares) model. ;

Third, the transfer rho-square (pm) de-
scribes the degree to which the log likelihood of
the transferred model exceeds that of the base model
relative to the degree of improvement in log likeli-
hood achieved with a perfect ({predicts all choice
correctly) local model., This measure is analogous
to the commonly used rho-square measure (3). We
define the transfer rho-square measure by

pi(8) = [LL; (8;) - LLy(MS)]/[L - LL; (MSy)]
=1 - [LLy(8;)/LL; (MSy)] @

This measure is related to TI by
P (B;) = TL(B) P2 (Bi) )

Accordingly, it is upper bounded by the local rho-
square measure, has no lower bound, and negative
values are interpreted as for the transfer index.

The three measures defined above are interrelated
by their dependence on the difference in log likeli-
hood between the transferred and local models. How-
ever, they provide different perspectives on model
transferability. The transfer rho-square provides
an absolute measure of disaggregate transferability,
the transfer index provides a relative measure, and
the transfer test statistic provides a statistical
test measure.

Each of these measures may be applied to tests of
partial model transferability by substitution of the
log likelihood for the partly transferred model (a
model with some transferred parameters and some lo-
cally estimated parameters) in place of the log
likelihood for the transferred model in Equations 2,
3, and 4. The partial transfer log likelihood will
always lie between the transfer model log likelihood
and the local model log likelihood in Figure 1.

Agyregate Measures of Transferability

The planning process is primarily concerned with the
prediction of aggregate rather than disaggregate
travel flows. Thus, it is appropriate to consider
transferability in terms of the accuracy of aggre-
gate predictions. We define the error in aggregate
prediction and examine ways in which these errors
can be summarized across alternatives and aggregate
groups.

We choose to examine the following relative error
measure for prediction of alternative choice fre-
quency in some aggregate group:

REMp,; = (ng = ng)/ng )
where
REMmg = relative error measure 1in prediction of

alternative m for group g,
Npg = number of persons predicted to choose al-
ternative m from group g, and
number of persons observed to choose al-
ternative m from group g.

Nng
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In order to evaluate the aggregate predictive ac-
curacy of a choice model we summarize this measure
over alternatives and groups by means of the

weighted root mean square error (RMSE) measure,
defined by
- - \1/2
RMSE=( 2 N, REMZ,/ 2 ng) ¢ %)
m,g m,g

This measure is an index of the average relative
error in prediction weighted by the size of the pre-
diction element and structured to place emphasis on
large relative errors. RMSE can be disaggregated
into alternative-specific error measures and into
average and variational components to aid error
analysis. These properties and their use in trans-
portation error analysis are described by Roppelman
(11-13).

An alternative measure of the accuracy of aggre-
gate prediction tests the hypothesis that the ob-
served frequencies of choice in each group are, col-
lectively, generated by the prediction model. We
formulate the aggregate prediction statistic (APS) as

APS= T N, REMZ,

m,g

= 3 (Nmg - Nmg)*/Nimg ®

m,

This statistic, which is equivalent to the chi-
square one sample test (14), is chi-square distrib-
uted under the assumption the Npg is predicted with-
out sampling error. This is equivalent to the as-
sumption adopted in formulating the transferability
test statistic.

APS is more likely to reject the hypothesis that
all frequencies come from the candidate model than
would a statistic that takes account of sampling
variation. The degrees of freedom for the APS for
full model transfer are (number of alternatives -
1) x (number of groups). However, when applied for
local prediction or with locally adjusted alterna-
tive-specific constants, the degrees of freedom need
to be reduced by the number of alternatives less one
to (number of alternatives - 1) x (number of
groups - 1).

A relative measure of aggregate prediction ac-
curacy is useful. We define the relative aggregate
transfer error (RATE) measure as the ratio between
the transfer RMSE and local RMSE measures,

RATE = RMSE; (§;)/RMSE; (8;) ©

These measures are interrelated by their depen-
dence on the relative error measure defined in Equa-
tion 6. However, they offer different perspectives
on model transferability at the aggregate 1level.
RMSE provides an absolute measure of aggregate
transferability, RATE provides a relative measure,
and APS provides a statistical test measure.

APPLICATION OF METHODOLOGY

We demonstrate the use of the transferability mea-
sures by their application to the transfer of mode
choice to work models for the Washington, D.C.,
area. These models describe the choice among drive
alone, shared ride, and transit alternatives for
breadwinners who work in the central business dis-
trict (CBD). There are a total of 2654 such bread-
winners, 2088 of whom have all three alternatives
available and 566 of whom do not have drive alone
available due to lack of a driver's license or lack
of available cars in the household. We divide the
L'

noninlatiam duwia bhvan seaine hir moanswanhica cacbar an
POPULACIONn 1nNcC cialee Groups oY Jeograp:nil

shown in Figure 2.
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Table 1. Estimation results for sectors and the region.
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Sector 1 (n = 944) Sector 2 (n = 964)

Sector 3 (n = 746)

Region (n = 2654)

Item Parameter t-Value Parameter t-Value Parameter t-Value Parameter t-Value
DAD -3.39 -9.2 -1.84 =53 -2.73 -6.8 -2.59 -12.4
SRD -2.46 -8.8 -2.10 -8.5 -2.52 =73 -2.35 -14.8
CPDDA 4.13 11.1 3.07 8.8 3.58 9.0 3.59 17.0
CPDSR 2.05 7.3 1L.77 8.2 1.59 5.0 1.83 12.4
OPTCINC -0.0069 -0.5 -0.0242 =21 -0.0280 -1.7 ~0.0232 ~3.2
TVTT -0.0418 -6.9 -0.0151 -3.2 -0.0223 4.6 -0.0243 -8.3
OVTTD -0.0258 -0.4 -0.105 -1.8 -0.0421 -0.5 -0.0667 -1.85
GWSR 0.746 4.8 0.526 3.6 0.680 4.2 0.653 7.4
NWORKSR 0.096 0.9 0.264 2.7 0.502 4.1 0.268 4.4
Log likelihood
At zero -962.5 -933.8 -790.0 -2686
At market shares ~904.4 -898.5 -771.6 -2587
At convergence -754.4 -803.4 -688.3 -2266
Likelihood ratio 416.2 260.7 203.4 840.8
statistic
Likelihood ratio index
p2 0.216 0.140 0.129 0.157
p? (market share) 0.166 0.106 0.108 0.124

Figure 2, Estimation sectors in Washington, D.C., region.

X
ot m Sector 2

111 Sector 3

The demographics of these CBD-based breadwinners
in sectors one and three are similar. Those in sec~
tor two are generally younger and come from house-

holds that have more persons, more workers, lower
household income, fewer cars, and fewer licensed
drivers. Average travel service characteristics are

similar across sectors for drive alone and shared
ride. Transit service is most expensive in sectors
one and three and most time consuming 1in sector
three.

Method of Analysis, Model Specification, and
Parameter Estimates

We study the various transferability measures and
tests in application to the transferability of work-
mode-choice~to-CBD models between pairs of sectors
depicted in Figure 2., We estimate models by using
the specification employed by Koppelman (7,12,13) in
his analysis of aggregation error in prediction with
disaggregate choice models.

Variable
Name Description
DAD, SRD Dummy variable specific to drive-alone

and shared-ride alternative; mea—-
sures average bias between pairs of
alternatives other than that repre-
sented by the included variables

CPDDA, CPDSR Cars per driver included separately as
alternative-specific variables for
the drive-alone and shared-ride
modes; measures change in bias
among modes due to changes in auto-
mobile availability within the
household

Round-trip out-of-pocket travel cost
divided by income [cents/($1000/
year)]; measures effect of travel
cost on mode utility with cost ef-
fect modified by household income
level

Round-trip total travel time (min);
measures linear effect of combined
in- and out-~of-vehicle travel time
in mode utility

Round-trip out-of-vehicle
divided by trip distance
mile); measures additional effect
of out-of-vehicle travel time in
utility in addition to the effect
represented in TVTT; this added ef-
fect is structured to decline with
increasing trip distance

Dummy variable that indicates if the
breadwinner is a government worker
specific to the shared-ride alter-
native; measures effect on shared-
ride utility of shared-ride incen-
tives for government workers

Number of workers in the household
specific to the shared-ride alter-
native; measures change in utility
of shared ride when there is an op-
portunity to share ride with a
household member

OPTCINC

TVTT

travel time
{min/

OVTTD

GWSR

NWORKSR

The estimated models for each sector and for the
region are reported in Table 1, All models are
highly significant overall and the parameters for
all models are significant at the 0.01 level, except
for OPTCINC and OVITD for all sectors and NWORKSR
for sector one.

The overall goodness of fit as measured by the
rho-square evaluated at zero or market share is low
for disaggregate choice models. However, studies by
various researchers have found this general specifi-
cation to be satisfactory for analysis of this data
set and similar specifications have been employed
for many of the disaggregate work mode choice stud-
ies reported in recent years (2,9,11).
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Model Parameter Eguality

The model equality test statistics for the complete
model and for the partial model (all parameters ex-
cept alternative-specific constants) between pairs
of sectors and for all sectors jointly reject the
equality hypothesis at the 0.05 1level for two of
three sector pairs (except sectors 2 and 3) and for
the set of three sectors jointly. Based on this
result we would reject the hypothesis of model
equality. By implication, this would suggest the
rejection of model transferability.

Disaggregate Measures of Transferability

The transferability test statistics (Equation 3) for
full and partial model transfer are reported in

Table 2, Transferability test statistic.

Prediction Based on

Sector 1 Sector 2 Sector 3
Estimate Full Partial Full Partial Full Partial
Based on Model Model Model Model Model Model
Sector 1 51.2% 4542 65.0°  31.67
Sector 2 34.8°  34.4° 27.8% 114
Sector 3 54.87  31.2° 34.0°  15.2

aSignificant at the 0.01 level.

Table 3. Transfer index.

Prediction Based on

Sector 1 Sector 2 Sector 3
Estimate Full Partial Full Partial Full Partial
Based on Model Model Model Model Model Model
Sector 1 1.0 1.0 0.73 0.76 0.61 0.82
Sector 2 0.89 0.89 1.0 1.0 0.83 0.94
Sector 3 0.82 0.90 0.82 0.92 1.0 1.0
Table 4. RMSE.

Prediction Based on

Sector 1 Sector 2 Sector 3
Estimate Full Partial Full Partial Full Partial
Based on Model Model Model Model Model Model
Sector 1 0.201 0.201 0.244 0.238 0.308 0.245
Sector 2 0.251 0.250 0.236 0.236 0.299 0.264
Sector 3 0.280 0.243 0.270 0.242 0.257 0.257

Table 5. APS for estimation-prediction sector pairs.

Prediction Based on

Sector 1 Sector 2 Sector 3

Estimated Full Partial Full Partial Full Partial
Based on Model Model Model Model Model Model

Sector 1 38.1 38.1 57.3 54.7 70.8* 448
Sector 2 59.4°  59.0° 53.7 53.7 66.9° 52.0°
Sector 3 74.0° 5578 70.4% 565 49.1 48.1

nSignif‘icant at 0.01 level.
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Table 2. The reported values for the transfer of
the full and partial models are all significant at
the 0.01 level except for the partial model transfer
from sector 2 to sector 3. These results reject
strongly the hypothesis of intraurban transferabil-
ity for the model used in this application.

There are other interesting observations to be
made from the results in Table 2. First, as ex-
pected, the transferability test results are not
symmetric. In fact, the transfer directionality is
quite large. Second, improvements in the TTS value
when moving from transfer of the total to partial
model transfer are large in almost every case.

TI (Equation 5) for full and partial transfer is
reported in Table 3. The TI varies from 0.61 to
0.89 for full model transfer and from 0.76 to 0.94
for partial model transfer. The index values in-
crease dramatically when moving from transfer of the
total model to transfer of the partial model for all
transfers except sector two to sector one, which
already had a high value. These results indicate
that, when alternative-specific constants are ad-
justed to match application choice shares, the
transfer model can provide a high proportion of the
information that would be obtained by estimation of
a model in the application context.

The transfer rho-square measures are not reported
here. They can be obtained from the model rho-
square market share measure and TI (Table 3) by
Equation 5.

Aggregate Measures of Transferability

We now examine the aggregate prediction capability
of transferred models. The sectors described in
Figure 1 are subdivided into residence zones (16 in
sector 1, 19 in sector 2, and 16 in sector 3). Ag-
gregate predictions for mode choice in each resi-
dence zone are obtained by summing individual pre-
diction probabilities for each alternative (13).
These predictions are compared with the observed
travel mode choices to compute the relative error
measure (REM) defined in Equation 6 for each mode
and zone. These error measures are combined over
modes and zones to obtain the aggregate error mea-
sures,

The aggregate error in applying each sector model
(with and without alternative-specific constants) to
each sector by using RMSE is reported in Table 4.
Based on RMSE, all of the predictions give reason-
ably accurate estimates of aggregate mode share.
The errors for transfer models are not dramatically
greater than those for local models, especially when
alternative-specific constants are adjusted to match
local data.

Next, we use APS, deflned in Equation 8, to test
the hypothesis that the aggregate choice frequencies
by mode for the zones in each sector are generated
by the models estimated in each sector (Table 5).
The hypothesis that the observed choice frequencies
are generated by the models tested is rejected at
the 0.01 level for model transfer in five of six
cases for the full model and three of six cases for
the partial model. Thus, the APS analysis rejects
the hypothesis of model transferability.

We do not report RATE. These measures can be
obtained from RMSE for transfer prediction and local
model prediction by Equation 9.

SUMMARY AND CONCLUSIONS

This paper develops a methodology and related mea-

sures to be used in the analysis of transferability
effectivensas.

The measures developed include both

indices and statistical tests applicable at either
the disaggregate or aggregate level. The measures
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developed are applied to the analysis of intrare-
gional transferability of disaggregate CBD-work mode
choice models estimated on geographic portions of a
common data set by using identical specifications.
The application illustrates the differences in sub-
stantive interpretations and conclusions that can be
obtained by use of different measures. It also
identifies the variability in transfer effectiveness
that exists even within this relatively narrow range
of estimation and application contexts.

Conclusions from Relative Transfer Measures

The relative transfer measures indicate that trans-
ferred models have relatively small error compared
with that incurred by use of local models. TI indi-
cates that transferred models provide at least 80
percent of the information provided by local models
in four of six full model transfers and five of six
partial model transfers. RATE (ratio of transfer
and local RMSE) indicates that the use of trans-
ferred models increases aggregate error by 20 per-
cent or less for four of six full model transfers
and 10 percent or less for four of six partial model
transfers. These results suggest that it is reason-
able to conclude that models are transferable be-
tween these geographic sectors.

Conclusions from Statistical Tests

The statistical tests generally reject hypotheses
that are consistent with transferability. The METS
test rejects model equality at the 0.05 level for
two of three sector pairs. The TTS test rejects
model transfer at the 0.01 level for all full model
transfers and five of six partial model transfers.
The APS test rejects model transfer at the 0.01
level for five of six full model transfers and three
of six partial model transfers. These results sug-
gest that transferability between these geographic
sectors should be rejected.

Transfer Error Importance Versus Significance

The results of magnitude of transfer error tests and
those of transfer significance tests lead to dif-
ferent conclusions about transfer effectiveness.
That is, the transfer errors are deemed to be unim-
portant in magnitude; however, hypotheses that sup-
port transferability are significantly rejected.
This apparent inconsistency results from confusion
in the literature between the observed magnitude of
differences between transfer and local models and
the statistical significance of such differences
that reflect both the magnitude and the precision of
the estimates and predictions obtained. Although
statistical tests can be used to alert the planner
or analyst to differences between models, they must
be considered with reference to the magnitude of
errors that are acceptable in each application con-
text. Although the magnitude of prediction error
attributable to either a local or transferred model
depends on the distribution of explanatory variables
in the application context, our experience suggests
that the apparent inconsistency between statistical
rejection and practically small differences is com-
monly observed.

Transfer Measures Sensitivity

The transfer measures formulated are highly sensi-
tive to differences in sector pair transfer effec-
tiveness. For example, the TI that measures trans-
ferability relative to the local model ranges from
0.61 to 0.89 for full model transfer and from 0.76
to 0.92 for partial model transfer. Thus, these
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measures appear to be able to discriminate among
levels of transferability.

Asymmetry of Transferability Measures

The measures of transferability developed are con-
sistently different, in some cases dramatically dif-
ferent, between the same pairs of sectors, depending
on the direction of transfer. This indicates that
transferability is not determined solely by differ-
ences between sectors but also by the identity of
the estimation and application contexts.

Adjustment of Alternative-Specific Constants

The transfer effectiveness measures improve substan-
tially when alternative-specific constants are up-
dated to match choice shares in the application con-
text. These results emphasize the importance of
updating alternative-specific constants to take
account of differences in the average effect of
excluded variables between estimation and applica-
tion contexts.

Model Goodness-of-Fit and Transfer Effectiveness

The order of models with respect to goodness-of-fit
is sector one, sector two, and sector three. How-
ever, the sector-one model is not consistently the
most-effective model for transfer. Specifically,
the sector-two model transfers to sector three bet-
ter than does the sector-one model by most of the
measures employed.

Although it is generally recognized that models
that have high goodness-of-fit are not necessarily
well-specified and thus are not necessarily effec-
tive in transfer, goodness-of-fit measures are com-
monly used to guide the selection of model specifi-
cation and the selection of models for application.
In this case, all the models have identical specifi-
cation. Our results indicate that selection of the
context from which to draw an identically specified
model for transfer application cannot be based on
estimation context goodness-of-fit. This result
motivates the need to identify characteristics of
estimation and application contexts between which
models may be effectively transferred.

Contextual Determinants of Transfer Effectiveness

Characteristics of the estimation and application
contexts have an important influence on transfer-
ability. Research is needed to identify the degree
to which contextual characteristics determine trans-
fer effectiveness and the specific contextual char-
acteristics that are important.

Specification and Transfer Effectiveness

It is argued in the literature that transferability
improves with improved model specification (1,5,
15). Although this view is reasonable, it has not
been validated empirically. The understanding of
transfer effectiveness will be enhanced by research
into the relation between model specification and
transfer effectiveness. Additional research is
being undertaken to explore this relation.

Prior Prediction of Transfer Effectiveness

The transfer analysis reported here and in all pre-
vious research on the transferability of travel
models is based on posterior analysis. That is,
these studies examine the question, "Would it have
been appropriate to transfer a specific model from a
specific context to another specific context?", by
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comparison of transfer results to results obtained
by application of a local model., The cbjective for
the future is to use an understanding of the rela-
tion between model specification and characteristics
of both estimation and application contexts to pro-
vide prior guidance about the probable transferabil-
ity of different models estimated in different con-
texts for wuse in the application context of
interest. This will be the focus of future research.
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Wisconsin Work Mode-Choice Models Based on Functional
Measurement and Disaggregate Behavioral Data

GEORGE KOCUR, WILLIAM HYMAN, AND BRUCE AUNET

This paper describes a series of mode-choice models developed by the Wiscon-
sin Department of Transportation to assess transportation policy issues con-
sistently across four sets of urban areas in the state. The models were devel-
oped by using a combination of functional measurement (or by asking respond-
ents their likely mode choice in a series of situations) and disaggregate demand
modeling (to calibrate the models and provide a test of the correspondence be-
tween stated and actual behavior). Bus, walk, bicycle, ridesharing, and drive-
alone modes are included. Key variables includi li ilability, g:

price, queuing time to purchase gasoline, bicycle lanes, ridesharing programs,
and tia Tie modeis are being used in statewide poiicy
analysis, for local planning, and for quick-response analysis. They represent an

L.
it 5€

approach to demand analysis and may be an efficient and effective tool for
examining other demand issues.

In a single statewide modeling study, the Wisconsin
Department of Transportation (WisDOT) has developed
work trip mode-choice models for four sets of urban
areas of different character: one large city, one
medium city, and two sets of small cities. These

models permit WisDOT tc address key pelicy issues by

incorporating the effects of gasoline availability,
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gasoline price, queues for gasoline purchases, ride-
sharing programs, transit service improvements, bi-
cycle lanes, and other factors. The models are
estimated by a combination of functional measurement
(also called conjoint analysis) and disaggregate
demand modeling. Functional measurement models
(1,2) are based on asking respondents their 1likely
mode choice in a series of situations constructed
from an experimental design. One or more situations
closely resemble current conditions. We use a logit
model to compare stated behavior under current con-
ditions with actual behavior and adjust the models
derived from the functional measurement task if
there is a difference. The models are further re-
fined by using sensitivity analysis.

The department undertook this statewide effort to
enhance its ability to plan in a multimodal con-
text. By administering similar surveys in all the
urban areas of the state, it gained the ability to
examine a broad range of urban transportation poli-
cies in a consistent manner. The department can now
determine the absolute and comparative impacts of
many policy proposals on driving alone, sharing a
ride, walking, bicycling, and riding a bus.

Not only are the models useful for statewide
policy analysis, they also enhance WisDOT's ability
to provide technical assistance to urban areas in
preparing transportation plans. Also, the pivot
point and elasticity formulations of these models
are being used for quick policy analysis. Finally,
these urban work trip models complement a set of
intercity mode and trip-frequency models developed
earlier by using functional measurement (3,4). Ul-
timately, the department will have a comprehensive
set of models for statewide policy analysis and sys-
tem planning.

The functional measurement and disaggregate mod-
eling methodology was devised to address WisDOT's
forecasting requirements within a moderate budget
level and relatively short time frame. Functional
measurement was chosen because most key policy is-
sues that face WisDOT cannot be captured readily in
disaggregate models. Top administrators were spe-
cifically interested in learning the effects of gas-
oline rationing, long lines at gasoline stations,
large increases in gasoline price and parking costs,
improved bicycle facilities, and other issues not
customarily addressed by demand models. Fuel price
and availability exhibit no variability in the usual
cross-sectional data sets because all individuals
face the same conditions at a given point in time.
In small cities bus fares are constant and virtually
no parking fees are charged for work trips, Several
modes of interest, such as bicycle facilities and
commuter rail, are nonexistent in most areas. Fi-
nally, the data-collection effort for a statewide
disaggregate model would be extensive.

Model validity was a strong concern, so we per-
formed a second stage of analysis by using a logit
model to further calibrate the original models. 1In
this stage the forecasts derived from the functional
measurement model for the status quo are compared
with actual behavior, and the stated behavioral
model is adjusted if there is a discrepancy. The
calibration procedure can require fewer data than a
traditional disaggregate model.

Two staff members completed the analysis in six
months. An additional six months was needed to pre-
pare reports and documentation, and some program-
ming, keypunching, and consultant assistance were
required.

FOCUS GROUPS

To begin the analysis four focus group interviews
were held. The discussions of the focus group
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either verified the factors believed to be important
a priori or suggested others to be treated in the
qualitative analysis of mode split. The focus group
consisted of 8-12 individuals who were convened for
1.5 h in a structured session. We obtained several
interesting qualitative results. For example, indi-
viduals said their travel behavior was more sensi-
tive to the change in the pump price of gasoline
than to gasoline price per mile, which suggests that
fuel efficiency was a consideration only when buying
a vehicle, Also, participants of the focus group
regarding bicycle travel said condition of the rid-
ing surface was a major concern, which was an unan-
ticipated factor. 1In addition, many women said that
under no circumstances would they stop driving alone
to work because they had to carry groceries or
children on the way to or from work. This suggested
that sex and the number of children should be in-
cluded in the final models to explain travel choice
(5).

DESIGN OF EXPERIMENTS AND SURVEY

Six experiments were prepared to meet the objectives
of the study. The four that pertain to ridesharing,
walking, bicycling, and local bus service are re-
ported in this paper. Two other experiments for
express bus and commuter rail were also adminis-
tered, but these modes are available to few travel-
ers in Wisconsin. The experiment for ridesharing is
illustrated in Figure 1, and other experiments are
very similar., All surveys used drive-alone as the
base mode.

A typical multivariable experimental model in-
volves a series of independent variables that affect
some dependent variable, such as mode choice. Each
independent variable is considered at two or more
values or levels, as designated by the experimental
plan. In the ridesharing experiment gasoline price
has four 1levels ($1.30, $1.70, $2.00, and $2.60),
and the four other factors have two levels, The
experiment is thus a 4! x 2* design.

The experimental results are analyzed to evaluate
the statistical significance of the independent var-
iables, estimate their effects, and establish func-
tional relations. 1In conducting such analyses, one
is interested in the main effect of each variable,
that 1is, the effect on experimental response of
going from one level of the variable to the next,
all other variables being at theilr average values.
In many situations the effect of two independent
variables is not additive, and the variables are
said to interact (i.e., the effect of one variable
on the response depends on the value of some other
variable).

A common multivariable experimental plan is the
full factorial experiment, which consists of all
possible combinations of levels for each of the var-
iables. In our case, this would require 4! x 2%, or
64 situations. A full factorial experiment permits
one to obtain estimates of the effects of all pos-
sible interactions.

Many higher-order interactions can be assumed to
be negligible, which leads, however, to a substan-
tial reduction in the number of situations re-
quired. Such designs are called fractional facto-
rial plans. In Figure 1 we use a one-eighth
fraction, or only eight situations; this assumes
that all interactions are negligible. This plan
allows approximate estimates of the effects of a
large set of policy variables in a relatively simple
mailout survey, although it is at the expense of
assuming a linear, additive model without interac-
tions. This trade-off between survey complexity and
model richness was made to ensure as high a response
rate to the survey as possible, and to allow high
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Figure 1. Ridesharing experiment.
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Under what situstions would you drive alone or share a ride (carpool or vanpool) to work?

Consider that you are going to work and that driving alone or sharing a ride in a car pool or van pool are your only choices.

Below are a number of faciors describing eight different situations where you are faced with choosing whelher to drive alane or share a ride to

work, ——
S < N . . . . EASE~
tL:\:Il:"alt each situation across the entire line and please answer in the lasi column to the right how likely you are to drive alone or share a ride :«lr:lSWER N TS COLURN
T V— —
HOW LIKELY ARE YOU TO DRIVE ALONE
AUTO FACTORS | CAR POOL/VAN POOL FACTORS 0! A e hloE
|
I (CIRCLE A NUMBER)
Parking Cost 10 | People You Share Employee Work A IO Seaiabiy  RIwAG
Gas Availability Gas Price Drive Alone I A Ride With Schedule ,.m,:. :::: . :,:I,;n As,:l,u_‘
1 Co-Worker/ Flexi-time
1 3 4 5
SITUATION 1 Ample Supply $1.30/gallon Free : Neighbor (ks earsend iR 2
Ration of 10 | General Public Flexi-lime 3 " 5
SITUATION 2 gallons/week® $2.60/gallon Free | (Carpool Matching) (hours can vary daily) s :
Ration of 10 | Co-Worker/ Flexi-time
SITUATION 3 gallons/waek* $2.00/gallon $30/month | Neighbor (Hoiiis:an varyidaily) 1 2 3 4 5
SITUATION 4 Ample Supply $2.60/gallon $30/month 1 Fixed 8 hour day 1 2 3 4 5
Ration of 10 | Co-Worker/ ; y "
SITUATION § gallons/week* $1,70/gallon Free | Neighbor Fixed B hour day 1 2 3
T General Public )
SITUATION 6 Ample Supply $2.00/qallon Free | (Carpool Matching) Fixed 8 hour day 1 ? 3 4 5
1 General Public Flexi-time
30/month A 1 2 3 4 s
SITUATION 7 Ample Supply $1.70/gallon $30/ | (Carpool Matching) s can Varg g}
Ration of 10 ! General Public ixed 8 hour d
SITUATION 8 gatlons/week* $1.30/gallon $30/month | (Carpool Matching) Fixed 8 hour day 1 2 3 4 5

*|f your car gets 15 miles per gallon, you can travel 150 miles per week.

confidence in the responses received--both crucial
considerations for statewide policy planning.

Catalogs of experimental designs are available in
the literature (6,7). We developed our own simple
designs. 1In addition to the experiment, each survey
instrument contained background gquestions of two
types. Some were questions concerning socioeconomic
characteristics of respondents and thus were suit-
able for checking representativeness of the samples
and measuring the sensitivity of mode choice to
socioeconomic variables. The remainder gathered
data on actual travel choices of individuals and the
attributes of competing modes.

SURVEY ADMINISTRATION

The sizes of the survey sample were determined based
on desired levels of sampling error and expected
response rates. The sampling error was set at #5
percent, with 95 percent confidence for categorical

variables, particularly the 1-5 response scale in
the experiments. A conservative 20 percent usable
response rate was assumed. These considerations,

applied to the number of cities and separate modes
for which models were desired, resulted in the mail-
ing of about 17 000 questionnaires.

WisDOT mailed the surveys to residents who re-
newed their drivers' licenses in August and Sep-
tember 1980. The gross response rate was 57 percent
(9208 surveys), but some surveys had incomplete in-
formation, The usable response rate was 46 per-
cent. Because we received more than double the
expected response rate, we were able to exclude
respondents who did not travel to work, so we could
compare each person's stated responses with actual
travel choices. Respondents sorted out at this
stage were retired people, other individuals who do
not work, individuals who work at home, and stu-
dents. Also, some respondents who filled out the
walk or bicycle experiments were dropped because
they lived too far from work to consider walking
(more than 3 miles) or bicycling (more than 7 miles)
as practical choices. We retained 3185 surveys for
model development; 1791 of them pertain to the four
models reported in this paper. Between 273 and 679
surveys were used in the four sets of urban areas.

We checked the samples for representativeness by
comparing the frequency distribution of selected
sociceconomic characteristics of respondents with
1970 census data. The proportions of individuals in
any one-way tabulation by sex, age, household size,
and income (adjusted for inflation) were within
+10 percent of the census. The only exceptions
were that, in some cities, the 15-24 age category,
one-person households, and incomes under $5000 an-

nually were underrepresented. Exclusion of stu-
dents, retired, and other unemployed respondents
explains the difference.

As a further check of representativeness, we

compared the actual mode choices reported by respon-
dents with the results of a strict probability
sample conducted a year earlier by the Wisconsin
Survey Research Laboratory (8). The comparison was
satisfactory.

ANALYSIS OF SURVEY RESPONSES

The first stage in building the actual models was to
fit linear additive models on the experimental re-
sponses obtained in the survey. The functional form
and variables were already set in the design step so
that model estimation is a simple task at this
stage. The only flexibility in model estimation is
in the socioceconomic variables and their functional
form because they are not part of the experimental
design. Multiple linear regression is used to esti-
mate the models. The dependent variable is the
response on the 1-5 scale, assuming that the stated
likelihood of choosing a nonautomobile mode is pro-
portional to utility. This is equivalent to using a
linear approximation to a logit function. The inde-

pendent variables are the experimental variables
(level of service) and the background responses
(socioeconomic characteristics).

The automobile-related variables appear in each

survey form because automobile was the base mode
against which each competing mode is set. Restric-
tions that the coefficients of the automobile vari-
ables be equal across all experiments are required
for consistency in the multimodal model developed in
the next step; the easiest way to apply these re-
strictions is to estimate a multiple linear regres-
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sion across all the surveys jointly. The results of
this are given in Table 1.

Formally, the equations in the table are as
follows:

Uy = 'Ecakxak + chlxsl + Ecwmxwm + Ecbnxbn + Ectpxtp

=-U, + Uy + Uy + U, + U 1)
where
U, = utility of mode relative to driving alone

(i.e., the response to a situation on the
1-5 scale from any experiment 1i); i = s
(shared ride), w (walk), b (bicycle), or t
(transit);

c = vector of coefficients;

X = vector of variables in experiment s, w, b,
or t; variables for mode a appear in all
experiments;

k = index that corresponds to drive-alone and
socioeconomic variables;

The

drive alone),
step.

= index that corresponds to shared-ride vari-

ables;

ables; and

variables.

utilities Uy,
the absolute utilities of each mode (not relative to
in the calibration
for example,
Equation 1 en-

Xjg = 0 except when

compasses each binary experiment but allows a multi-
incorporating the

modal treatment by

that the automobile utility coefficients
same in all binary comparisons.

Table 1 gives the results of analyzing the exper-
imental responses for each city.
ficients show relatively 1little
cities, which suggests that transferability of these
coefficients among urban areas 1is a possibility.

Table 1. Variables, coefficients, and goodness-of-fit statistics for regressions on experimental responses.

which are
The Xs are dummy variables;
i= s,

Us,

used

Thus,

Upr

and

m = index that corresponds to walk variables;

= index that corresponds to bicycle

p = index that corresponds to local bus transit

Ut

restriction
are

Most of the coef-
variation

Milwaukee County

Fox River Valley

Madison (n = 305) (n=273) Cities (n = 534) Other Cities (n = 679)
Variable
Name Definition Coefficient  t-Value Coefficient  t-Value Coefficient  t-Value Coefficient  t-Value
Automobile Utility (U,)
CA Automobile constant -5.271 -4.697 -4.448 -5.051
GA Gasoline availability, 0 if ample -0.320 -6.30 -0.377 -6.57 -0.318 -7.93 -0.315 -8.99
supply, 1 if rationing
GP Gasoline price ($/gal) -0.234 -5.48 -0.320 -6.62 -0.284 -8.41 -0.284 -9.59
PK Parking costs ($/month) -0.016 -6.93 -0.017 -6.91 -0.017 -8.77 -0.016 -9.82
WT Wait time to buy gasoline (min) -0.008 -0.89 -0.004 -0.38 -0.013 -2.30 -0.007 -1.29
IN Annual household income ($000s +0.012 6.02 +0.010 3.73 +0.001 0.59 +0.008 5.09
in 1980)
A2 4 Vehicles per person 16 years old +0.178 3.12 +0.078 1.19 +0.096 2.48 +0.004 0.13
and over in household
T Travel time (min) -0.030 =211 -0.025 -2.27 -0.019 -1.89 -0.33 -3.70
Shared-Ride Utility (Us)
CR Shared-ride constant 0.216 3.08 -0.090 -1.21 0.360 5.91 0.085 1.61
RD Ridesharing partner, 0 if general +0.222 2.58 +0.216 2.21 +0.138 2.00 +0.081 1.41
public matching, 1 if coworker or
neighbor
LA Work schedule, 0 if flexitime, 1 if +0.401 4.66 +0.384 3.94 +0.581 8.46 +0.399 6.93
fixed 8-h day
T Travel time (min) -0.030 -2.77 -0.025 -2.27 -0.019 -1.89 -0.033 -3.70
Walk Utility (Uy,)
Ccw Walk constant 0.386 4.46 0.268 2.820 0.151 2.30 0.119 2.01
WD Walk distance to work (miles) -0.897 -3.36 -0.936 -3.08 -0.925 -5.48 -0.784 -5.03
sw Sidewalks, 0 if all the way, 1 if part 0 A 0 2 0 2 -0.053 -0.68
of the way
SN Season, 0 if summer, 1 if winter -0.756 -5.66 -0.750 -4.93 -0.868 -10.29 -0.848 -10.83
Bicycle Utility (Uy )
CB Bicycle constant -0.275 -3.81 -0.130 -1.610 -0.225 -3.56 -0.418 -7.49
BD Bicycle distance to work (miles) ~-0.245 -5.24 -0.213 -3.67 -0.254 -6.69 -0.276 -8.19
BL Bicycle lane, 0 if marked lane in -0.356 -3.81 -0.216 -1.87 -0.330 -4,27 -0.296 -4.40
street, 1 if no lane
SS Street surface, 0 if smooth, 1 if -0.383 -4.11 -0.470 -4.05 -0.431 -5.57 -0.400 -5.93
rough
TR Traffic, 0 if quiet, 1 if busy -0.517 -5.53 -0.500 —4 .31 -0.417 -5.39 -0.378 -5.61
Bus Utility (Uy)
BT Bus transfer time (min) -0.044 -2.00 -0.035 -1.58 -0.019 -0.96 0 A
BF Bus fare (§) -0.221 -0.81 -0.443 -1.58 -0.240 -0.96 -0.195 -0.88
HW Bus headway (min) 0 a 0 — -0.006 -0.84 -0.007 -1.14
TT Travel time (min) -0.030 -2.77 -0.025 -2.27 -0.019 -1.89 -0.033 -3.70
R? 0.151 0.116 0.139 0.131
F 21.44 14.24 32.56 38.73
Data points 2440 2184 4272 5432

ACoefficient was set to zero because the t-value was less than 0.3 and the wrong sign occurred.
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Gasoline availlability, gasoline price, and parking
cost all have a significant effect on mode choice.
A wait in line of between 5 and 20 min to purchase
gasoline is less significant but has a stronger im-
pact in small cities, where currently it may be more
convenient to purchase gasoline and where there has
been no previous experience with long queues to buy
gasoline. 1Income and vehicles per person are gener-—
ally significant also. This use of socioeconomic
variables as additive terms in the automobile util-
ity was chosen for simplicity and consistency across
urban areas. The use of different socioeconomic
specifications could improve the model goodness-of-
fit somewhat but at the price of added complexity.

The travel time coefficients for drive alone,
shared ride, and transit were constrained to be
equal for consistency. Work schedule and rideshar-
ing partner were both significant variables in the
ridesharing utility.

The walk utility is strongly dependent on dis-
tance and season, but sidewalk availability was not
perceived as a major factor, except by some respon-
dents in the small cities, which have less extensive
sidewalk systems. Bicycle utility also depends
strongly on distance, but it also depends on the
presence of a bicycle 1lane, street surface, and
traffic levels. (Season was not included in the
bicycle~automobile experiment, but the season coef-
ficient from the walk model is used in the bicycle
utility function for policy analyses.)

The bus utility equation (Equation 7) contains
surprising results over the ranges of variables
tested, which show strong sensitivity to overall
travel time but relatively little to headway (15- to
30-min range) and fare (40- to 80-cent range).
Transfer times of 0-5 min had a modest affect.
Respondents may have had difficulty in assessing
individual time components for a bus trip and,
therefore, used the total time variable to determine
their choice.

The city-to-city variations in the constants are
as anticipated. Madison shows the highest propen-
sity to use non-drive-alone modes, and other cities
have lower constants in those cases. The R? of
the regressions ranges from 0.116 to 0.151, which is
expected given the lack of market segmentation, the
inclusion of invariant respondents who indicated all
1s or all 5s on the survey, and the simple socioeco-
nomic descriptions used. The F-statistics are all
significant.

Calibration

In the calibration step of the analysis, the models
built from stated behavior in the experiment are
tested against actual, current behavior as a check.
We substitute levels of independent variables that
represent current conditions into the experimentally
derived utility functions to obtain values of Uge Tgi
Uys Up, and Uy for each respondent. These values are
then substituted into a logit formulation to test
how well they explain current choice:

pi=exp(atdiU)/F. exp(atb;0y) @
where

Pj = probability of a respondent choosing mode

N i (equal to 0 or 1 in actual data);

U; = a respondent's computed utility value for
mode i under current conditions, calcu-
lated from regression results; and

= coefficients to be determined in logit
estimation.

ai, bi

The equations below represent the regression results
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for Madison as five separate utility equations, as
required for the validation. These separate equa-
tions sum to the original equation, with a negative
sign for drive alone.

The 1linear utility equations for Madison from
regressions on experimental responses are as follows:
For automobile,

U, =-5.271 - 0.320GA - 0.234GP - 0.016PK - 0.008WT
(-6.30 -5.48 -6.93 -0.089

+0.012IN + 0.178VP - 0.030TT 3)
6.02 3.12 -2.77)

For shared ride,

U; =0.216 + 0.222RD + 0.401WS - 0.030TT @
(3.08 2.8 4.66 =277

For walk,

U, =0.386 - 0.897WD - 0.756SN 5)
(446 -3.36 -5.66)

For bicycle,

Uy =-0.275 - 0.245BD - 0.356BL - 0.383SS - 0.517TR ©6)
(-3.81 -5.24 -3.81 -4.11 -5.53)

For local bus transit,

Uy = -0.044BT - 0.221BF - 0.030TT ()
(-2.00 -0.81 -2.77)

where

U, = automobile utility,

GA = gasoline availability,

GP = gasoline price ($/gal),

PK = parking costs ($/month),

WT = wait time to buy gasoline (min),

IN = annual household income ($000s in 1980),

VP = vehicles per person > 16 vyears old in
household, =

TT = travel time (min),

Uy = shared-ride utility,

RD = ridesharing partner,

WS = work schedule,

U, = walk utility,

WD = walk distance to work (miles),

SN = season,

Up = bicycle utility,

BD = bicycle distance to work (miles),

BL = bicycle lane,

SS = street surface,

TR = traffic,

Ug = bus utility,

BT = bus transfer time (min), and

BF = bus fare ($).

In order to gain some understanding of the values
of aj and bj that indicated satisfactory corre-
spondence between the experimental model and actual
behavior, a simple analysis was performed., We know
immediately, of course, that we wish all by >0
and all a; to be small in some sense. Figure 2
shows the hypothesized relation in a binary case
between linear regression results and the binary
logit equation. If stated behavior (linear model)
corresponds to actual behavior (logit model), then
we expect the linear utility equations to perform
well in the logit model. A 1linear approximation
tangent to the logit function at p = 0.5 (as drawn)
has a slope of 0.25 and thus intersects the p =0
and p =1 axis at U = -2 and U = +2, respectively.
This scale, from -2 to +2, is our 1l-5 response scale
shifted downward three units. We can expect bj to
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Figure 2, Comparison of linear and logit model forms. 10
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Table 2, Multinomial logit calibration resuits.

T T
2 3 4 s

Survey Response Scale

Madison (n =312)

Milwaukee County (n = 282)

Fox River Valley Cities (n = 661) Other Cities (n = 873)

a b a b a b a b

Coeffi- t- Coeffi- t- Coeffi- t- Coeffi- t- Coeffi- t- Coeffi- t- Coeffi- t- Coeffi- t-
Mode cient Value cient Value cient Value cient Value cient Value cient Value cient Value cient Value
Drive alone  +13.221 3.13  +2.558 2.57 +5.166 1.17  +2.716 1.54 +12.437 1.94 +2.496 1.50 +7.942 2.21 +1.398 0.93
Rideshare -1.510 -1.47 -0.404 -0.58 -17.173 -0.09 +3.419 0.06 -1.332 -1.02 +0.228 1.05 -1.308 -1.49 +1.600 0.62
Walk +0.813 1.49 +2.39 3.29 +2.812 3.88 +2.758 2.78 +1.646 1.47  +2.211 4.15 +2.000 2.66 +3.108 6.21
Bicycle -0.390 -0.60 +0.740 0.90 +1.525 1.10  +2.119 1.12 +0.347 0.30 +1.602 1.66 +1.403 1.64 +2.090 2.80
Bus 0.0 2 41,331 0.98 0.0 4 +0.575 1.06 0.0 4 +4.550 199 0.0 A +1.665 1.12

Note: The b coefficients are tested against the null hypothesis that b = 1, and the a coefficients are tested against the null hypothesis that a = 0, except for drive alone, where the null
hypothesisis a = 3. The -2* log-likelihood ratio was 319.07 for Madison, 507.71 for Milwaukee County, 1032.53 for Fox River Valley cities, and 1246.10 for other cities.

dcoefficient was set to zera because the t-value was less than 0.3 and the wrong sign occurred.

approximately equal 1 and ay to equal 0. The use
of p= 0,5 as the point at which the approximation
is made is justified by the experimental design,
which can create sets of situations in which the
alternatives are well matched.

In the multinomial case, the approximation will
necessarily be centered at p < 0.5 for most modes;
this implies that bj > 1 because the lower slope
of the logit curve at p # 0.5 produces a linear scale
longer than four units between the p =0 and p=1
axes, We still expect all a to be 0 if there are
no systematic biases across experiments, with one
exception. (The a4 for automobile is expected to
be +3 because automobile's position on the survey
response scale is the reverse of the other modes.)
One a4 must be set arbitrarily, so we set the bus
a equal to 2zero; thus, the bicyecle, walk, and
s?]al:ed ride aj are also expected to be zero.

These arguments are intended only to give an
approximate sense of the values of a4 and bj to
expect from the logit-estimation step. ~Furthermore,
this calibration is approximate for the same reasons
that limit our ability to estimate a revealed pref-
erence model for the study-~-lack of variability in
several major variables, unavailability or low use
of alternatives, multicollinearity, and other prob-
lems. Even so, it is important to attempt to cali-
brate the models to test their accuracy. Because we
are estimating only two coefficients per mode in the
validation (a4 and bj), we may succeed in estab-
lishing them “when trying to estimate all coeffi-
cients would fail.

Most data required for calibration were self-
reported, although a few items were gathered from
transportation planning data bases. Self~-reported
data were checked against planning data where pos-
sible, but the comparison was inconclusive because
of the aggregation errors in the planning data

(e.g., multiple bus lines in a zone, varying parking
charges).

The calibration results appear in Table 2. We
describe the calibration results for Madison in
detail and briefly compare them with those of the
other areas. (The number of respondents is higher
than in the regression step because responses with
incomplete experimental data could be used in this
step.) The results show a very strong relation bhe-
tween the experimentally derived utilities and
actual behavior, so we turn to an examination of the
adjustment coefficients a4 and bs. The coeffi-
cients a4 are tested against a nuil hypothesis of
zero (+ for drive alone), and bj is tested
against a null hypothesis of one.

The Madison drive-alone utility derived from the
experiment apparently understates the sensitivity of
actual behavior to the variable set, because the
coefficient by is 2.558 and is significantly dif-
ferent from f at the 95 percent level of confi-
dence., The adjustment in the constant aj is not
as large as it appears: The new constant is
13.221 + 2.558 (-5.271) or -0.262, as compared with
the original value of -5.271. However, an adjust-
ment of +3 was expected a priori., The adjustment in
a is also statistically significant at a 95 percent
level of confidence.

The ridesharing calibration is inconclusive. The
only variables in its utility equation are the ride-
sharing partner (invariant in the sample, all being
coworkers or neighbors), the work schedule (taking
only two values), and the time (a fixed difference
from automobile). Thus, there is little variability
on which to relate the utility values to actual be-

havior. This mode is an extreme example of the dif-
ficulties in wvalidating models. Neither a4 nor
bj is statistically different from the nuli hy-

pothesis, which we fail to reject.
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The walk mode has a coefficient by that is sig-
nificantly different from 1; the calibrated constant
is 0.813 + 2.39 (0.386) or 1.735. The bicycle
mode's coefficients are quite close to their pre-
supposed values, and the adjustments are not signif-
icant. The same holds for the bus mode.

In general, the coefficients for the other models
follow the same pattern as the Madison coeffi-
cients. The calibration coefficients are larger
than we would ideally like to see, but they indicate
a relatively good correspondence between the experi-
mental models and actual behavior. Coefficients
that are different from the a priori values may also
occur for a variety of reasons not related to the
correspondence between stated and actual behaviecr--
errors introduced by the linear approximation, er-
rors in self-reported data, aggregation errors in
planning data (believed to be significant in
case), and the simplicity of the socioceconomic de-
scription.

An examination of the results for the coefficient
bj suggests that we should use the calibration
coefficients to revise all the walk utility func-

Fhita
cnis

tions, the Madison drive-alone utility, and the
other cities' bicycle utility.
Table 3. Final models.
Fox River
Milwaukee Valley Other
Variable County Madison  Cities Cities
Automobile utility
Gasoline availability -0.377 -0.320° -0.318 -0.315
Gasoline price -0.320 -0.234 -0.284 -0.284
Parking cost -0.017 -0.016 -0.017 -0.016
Wait time to buy gasoline -0.004 -0.008 -0.013 -0.007
Annual household income 0.010 0.012 0.001 0.008
Vehicle per person > 16 years  0.078 0.178 0.096 0.004
old in household
Travel time -0.025 -0.030 -0.019 -0.033
Shared-ride utility
Ridesharing partner 0.222 0.216 0.138 0.081
Work schedule 0.401 0.384 0.581 0.399
Travel time -0.030 -0.025 -0.019 -0.033
Walk utility
Walk distance to work -2.581° -2.144°  _2.045° -2.437°
Sidewalks 0.0 0.0 0.0 -0.165
Season -2.069 -1.807 -1.919 -2.636
Bicycle utility
Bicycle distance to work -0.213 -0.245 -0.259 -0.577°
Bicycle lane -0.216 ~0.356 -0.330 -0.619
Street surface -0.470 -0.383 ~-0.431 -0.836
Traffic -0.500 =0.517 -0.417 -0.790
Season -2.069 -1.807 -1.919 -2.636
Bus utility
Bus transfer time -0.035 -0.044 -0.019 0.0
Bus fare -0.443 -0.221 -0.240 -0.195
Bus headway 0.0 0.0 -0.006 -0.007
Travel time -0.025 -0.030 -0.019 -0.033

91ndicates b; different from one, but original coefficients used based on sensitivity analysis.
Indicates group of coefficients multiplied by bj significantly different from one.

Transportation Research Record 895

Sensitivity Analysis

Before selecting the final model coefficients, we
used the incremental form of the logit model to per-
form sensitivity analysis:

pi' =piexp (AUi"‘)/al%j pj exp(AU;*) ®)
where

pi‘ = revised share of mode i;
Py = base share of mode i;

U* o= validated wutility of mode i = a; + b;Uj,
where a; is significantly different from
0, and by is significantly different
from 1; and

AUj* = change in the validated utility of mode j
due to a change in a variable from the
base case, AX.

The sensitivity analysis indicated that most of
the validated models provided reasonable results.
However, if predictions are made with the validated
Madison drive-alone utility function, we find that a
$0.60 increase in gasoline price from $1.30/gal
causes the mode share for driving alone to decline
from 56 to 45 percent, a reduction equal to 9 per-
cent of all work trips. These results are outside
the range expected on the basis of gasoline price
elasticities reported in the literature. When we
used the calibrated automobile utility function to
predict the effect of changes in fuel availability
and parking costs, we also obtained changes in
market shares too large to be believable. Because
of the possible confounding factors that could have
produced a coefficient bs different from one, we
chose to retain the original experimental utility
equation for Madison drive alone,

FINAL MODELS

The final models appear in Table 3. Only the walk
models and the other cities bicycle model have been
adjusted through the calibration step, as described
above; the other models are in their original form
based on the experiment. Only the Madison drive-
alone model had a significant bs: but was not
changed due to sensitivity results. All other
models have also been tested in sensitivity analysis
and produce reasonable results. Adjusted constants
are not shown, as they are dependent on the level of
aggregation used; a simple procedure is used to find
base wvalues of the constants when the models are
applied for forecasting.

Table 4 gives the elasticities and values of time
that emerge from the final models. The values gen-
erally agree with the previous literature, although
the range of variation is outside that of past data
and creates some differences.

The results of this effort highlight some key

Table 4. Selected elasticities and values of time.

Direct Elasticities

Cross Elasticities®

Marginal Value

Gasoline  Parking Bus Travel Gasoline  Parking of Time
Urban Area Price Cost Bus Fare Time Price Cost ($/h)
Milwaukee County -0.166 -0.059 -0.247 -0.349 +0.448 +0.186 4.64
Madison -0.196 ~-0.106 ~-0.117 -0.396 +0.249 +0.134 7.69
Fox River Valley -0.152 -0.071 -0.141 ~-0.279 +0.387 +0.183 4.01
Other cities -0.183 -0.082 -0.189 -0.480 +0.356

+0.158 715

Note: All elasticities are point elasticities and were calculated at the mean value of the independent variables in the experi-
mental data sets: gasoline price = $1.90/gal, parking cost = $15/month, bus fare = $0.60, travel time = 15 min.

a - i i - .
Tagit madels have canstant crnss elasticities (i @ , for a | percent change in gasoline price; for example; all ather mades have

the same change in demand).

Marginal values of time calculated by using the travel time and the gasoline price coefficients.
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issues in integrating functional measurement and
disaggregate models., When using functional measure-
ment to address issues not well captured in data on
actual behavior, testing of the correspondence be-
tween stated and actual behavior is difficult, The
standard validation approach of simple prediction of
mode shares with the functional measurement model
and comparison to aggregate actual shares is sensi-
tive to the values of the independent variables as-
sumed (and about which there is some 1latitude) and
generally does not yield statistical measures of the
closeness of correspondence (9). This study at-
tempted to assess whether functional measurement
models could be used in a logit framework without
adjustment and whether sufficient wvariability ex-
isted to check the performance of the model. The
results are encouraging, although more work is
clearly needed.

MODEL APPLICATIONS

These models are currently in use in several func-
tions at WisDOT. First, they are being used in
their incremental logit form for statewide policy-
level analysis of key issues that face the depart-
ment. By comparing the impacts of state policies in
a consistent fashion across Wisconsin urban areas,
the department can target its programs where their
effect is largest. A policy report has been pre-
pared based on the models (10) and concludes, for
instance, that transit assistance should be targeted
at larger urban areas where its effect is signifi-
cant, that ridesharing should bhe promoted in all
areas, with an emphasis on employer and neighborhood
matching programs versus less-effective general pub-
lic matching programs, and that bicycle lanes may be
cost-effective investments for diverting travelers
from driving alone, even though their impact is only
seasonal. In many cases bicycle lanes have greater
impacts than transit improvements and lower cost,
In Madison, for example, if bicycle 1lanes were
marked on the streets in a corridor where the per-
centage of people that use each mode to work equaled
each mode's share for the city as a whole, drive
alone's share of the work trips would decrease by
almost 3 percent. In contrast, a 5-min reduction in
bus transfer time would divert less than 2 percent
of the total trips from drive alone and a 10-min
reduction in bus travel time would decrease drive
alone's share by only 1 percent., The direction for
transit improvements, when considered alone, will
involve decreases in travel time and fare increases,
as service level generally appears more important
than fare to the public over the ranges examined.

Some of the more interesting conclusions and
policy implications of the study include the follow-
ing. Approximately 112 000 of 1.5 million one-way
daily home-bound work trips would switch from driv-
ing alone to other modes if gasoline were rationed
(10 gal/registered vehicle each week). A wait of 30
min to buy gasoline at a service station would cause
70 000 of the 1.5 million daily drive-alone trips to
shift to other modes.

The models reported here indicate that a general
public carpool matching program is not as effective
as an employee or neighborhood-based ridesharing
programs in Wisconsin cities 1larger than 50 000
people. However, a similar set of models for long-
distance commuter travel between Madison and its
satellite communities indicate that residents of
villages and small communities in rural areas are
nearly as willing to share rides with strangers as
with neighbors or coworkers. Fear of strangers
seems to be more prevalent in larger cities than in
small rural communities, as expected. Thus, a gen-
eral public carpool matching program might work well

31

for commuters who live in small communities outside
Wisconsin's larger cities. Universal flexitime for
workers in the wurban areas studied would cause
58 000 fewer home-based work trips by ridesharing to
occur daily than if everyone worked fixed 8-h shifts.

The addition of marked bicycle 1lanes to all
streets throughout each of the cities studied would
encourage an additional 26 000 bicycle work trips in
good weather months, a 39 percent increase in total
summertime bicycle trips. Bicycle lanes would im—
pact strongly on bicycle ridership in the medium and
smaller cities of Wisconsin but would have 1little
effect in the state's largest city, Milwaukee. The
allowing of pavements throughout 10 cities to dete-
riorate from smooth to rough riding surfaces would
cause a reduction of 38 000 bicycle work trips. on
nice days—-—a 42 percent reduction in total bicycling
in the summertime. Thus, local street maintenance
practices should pay particular attention to keep
pavements on popular bicycle routes in good condi-
tion to avoid loss in bicycle ridership.

The models are also being made available to urban
areas for use in their planning process. They can
be implemented in the urban transportation planning
system (UTPS) as part of WisDOT's technical assis-
tance role to local areas. These models will lead
to more detailed, yet consistent, evaluations of
policies already assessed at a statewide level by
incremental logit.

Finally, the models have a gquick-response capa-
bility through the use of incremental logit and are
available to respond to requests by planning and
other agencies for quick analyses of proposed ser-
vices and policies. A major staff capability exists
at WisDOT to use these models in this manner.
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DANIEL BRAND AND JOY L. BENHAM

This paper presents a quick-response incremental travel demand forecasting
method that uses travel demand elasticities and readily available ground count
travel and land use data. Elasticities are defined and criteria for selecting elas-
ficities are identified. The steps for calculating each P of travel af-
fected by a transportation improvement are described. Personnel and com-
putational requirements for this method are greatly reduced relative to those

y for for ing with the conventional four-step sequential process
(trip generation, distribution, modal split, and trip assignment). The basic
travel behavior assumptions of the method are similar to those inherent in con-
ventional models although, in contrast to sequential derivation and application
of these models, internally consistent causal relations are maintained. A range
of outputs of interest to policymakers is generated, including changes in total
travel, changes in mode-specific travel, and changes in travel on a given route
or link. The elasticity-based method has recently been used to forecast patron-
age on the four major transit alternatives included in the Baltimore North Cor-
ridor alternatives analysis. This application is described in the paper and com-
pared with forecasts made in a particular application of the conventional four-
step sequential travel demand forecasting system for the same alternatives under
the same conditions. This direct comparison of the two forecasting methods
provides a unique opportunity to assess the effects on forecast patronage of
many assumptions inherent in typical applications of each method.

Much of the concern over urban travel demand fore-
casting involves the turnaround time and expense of
applying existing conventional sequential travel
demand models. Also, application of these conven-
tional models often involves a series of restrictive
assumptions that can reduce severely their ability
to distinguish travel impacts between alternatives
(1). These models synthesize travel patterns €from

scratch based on a long list of land use, socio-
economic, and 1level-of-service variables, which
themselves must be forecast (thus propagating

errors) (2). One way to cut significantly the large
costs currently associated with urban travel fore-
casting is to use elasticities with respect to those
limited numbers of variables related to the policy
option of interest. Also, since elasticities can be
behavioral, the spatial extent of the forecasts can
be limited to those areas of the reglon affected by
the system change beilng tested. The most easily
available travel data, namely ground count data, can
be factored incrementally at some useful and infor-
mative level of aggregation. Such an approach saves
the time, expense, and uncertainty involved in
forecasting and calculating entire sets of indepen-
dent variables.

The elasticity-based approach described@ here has
recently been used to forecast patronage on four
major transit alternatives considered in the Balti-
more North Corridor alternatives analysis. In
addition to the elasticity-based forecasts, patron-
age estimates were developed by the Baltimore Re-

aional Planning Council by using the ewigting four-

step, sequential forecasting system estimated with
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Travel to Work. Wisconsin Department of Trans-
portation, Madison, Summary Rept., 1581.

Publication of this paper sponsored by Committee on Passenger Travel Demand
Forecasting,

Elasticity-Based Method for Forecasting Travel on
e

urban transportation planning system (UTPS) soft-
ware. Hence, the opportunity to compare and evalu-
ate the two methods was provided.

ELASTICITIES

A travel demand elasticity is defined as the per-
centage change in ridership or traffic volume (de-
pending on what is measured) that results from a 1
percent change in a given independent variable
(e.g., travel time or cost) (3). Elasticities are
measures of the partial effect on travel of changes,
taken singly, in the travel environment that con-
front travelers. They allow shifts in travel pat-
terns to be estimated at the margin in response to
changes in the travel environment and, therefore,
existing observed travel unaffected by changes is
preserved. Existing synthetic (UTPS) procedures can
only duplicate existing travel with some difficulty.

Elasticity-Based Forecasting Method

The elasticity-based forecasting procedure is based
on the concept that travel on a new or improved
transit facility is composed of four components,
each of which results from one mutually exclusive
cause or behavior and each of which can be calcu-
lated separately and sequentially to include the
results of the previous change. The four components
are as follows:

1. Transit travel that does not exist today due
to growth in numbers of people and jobs; these are
changes in travel due to so-called long-run demand,
or land use changes;

2. Transit travel that is diverted from (or to)
the automobile mode due to changes in automobile-op-
erating costs (e.g., increases in gasoline price)
and other automobile level-of-service changes (e.g.,
reductions in travel time due to highway construc-
tion);

3. Transit travel diverted to the improved tran-
sit facility from transit facilities for which the
new or improved transit facility is a superior
substitute; this is diverted travel from facilities
of the same mode; and

4. Induced transit travel, or travel that is
induced in the corridor and specifically on the
transit alternative being evaluated as a result of
the new or improved transit facility; induced tran-
sit travel includes travel that results from in-
Creased rates of choice of dgestinations served by
the improved facility and increased transit trip
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frequency (including automobile trips diverted to
the transit improvement).

To calculate the first travel component due to
land@ use changes, the origin-destination (0-D)
superzone transit trip table is factored to account
for growths (or declines) in population and employ-
ment. Simple proportional factors on numbers of
households and jobs are used to account for growths
and declines in transit travel, This assumes a
long-run equilibrium between the preferred residence
and employment and other activity locations of
people, and the travel choices available to them. To
account for the fact that the population mix, for
example, in a residential neighborhood will change
to reflect the (long-run) behavior of people to
locate in accordance with their transportation
preferences, long-run elasticities must, for the
sake of consistency, be used to calculate the second
and fourth components of travel.

Because transit demand is a function of both
automobile and transit level of service, the second
component of travel includes only the change in
transit use that results from changes in automobile
level of service. Transit trips are factored by
using cross-elasticities of transit demand with
respect to automobile level-of-service characteris-
tics, No assumptions need to be made that transit
is directly substituted for all automobile trips
foregone as a result of gasoline price increases,
for example, even for work trips. The transit demand
cross-elasticities, empirically derived, provide the
proportion of automobile trips foregone that use
transit in the given situation. In particular, the
cross-elasticities provide the percentage of change
in transit use that results from each 1l-percent
change in each automobile level-of-service charac-
teristic.

To calculate the third travel component, diverted
transit travel, the amount of transit travel between
each superzonal pair on each affected transit route
that is diverted to the transit improvement or
alternative is calculated. This calculation is
based on level-of-service differences between the
existing routes that serve the O0-D pair and the
alternative being tested. The resulting diverted
transit trip table will already have been factored
appropriately to account for growth in transit
travel due to 1land-use changes and travel from
automobile due to changes in the automobile system
(travel components 1 and 2).

The alternative-specific superzonal transit trip
table (from component 3) is factored by using direct
transit elasticities applied to the transit level-
of-service differences between the new alternative
and the existing bus routes from which travel is
diverted to calculate induced travel from the tran-
sit improvement.

Calculation of the first two components of travel
results in the forecast year transit trip table that
reflects the future year population and highway
level of service on the base year transit network.
Hence, the stage is set for introducing the transit
alternatives. With the introduction of new or
improved transit lines, existing transit trips will
be diverted to the new routes (component 3). This
diverted travel represents the base transit rider-
ship on the new routes, which is then factored to
reflect the increase in travel (component 4) induced
as a result of the improvement in level of service.

Assumptions

The approach outlined above is based on certain
behavioral assumptions that should be made explicit.
Certain basic assumptions are no different from the
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assumptions inherent in the conventional sequential
series of steps in urban travel forecasting. How-
ever, calculation of the four components of travel
uses internally consistent relations that account
explicitly and appropriately 1in each step for
changes in trip frequency (trip generation), desti-

nation choice (trip distribution), modal choice
{modal split), and trip diversion (assignment).
Changes are calculated in all of these travel

choices for every change in the transit and highway
system. The lack of feedback to these choices in
the usual UTPS process is avoided. Double counting
of changes in travel choices is also avoided. That
is, in the traditional sequential four-step modeling
process, changes in travel behavior in more than one
travel choice are contained in the data used to
model or explain a single travel choice. When
single travel choices are forecast sequentially by
using models derived in this manner, the effect is
to count changes in these choices several times and
thereby inflate the impact of these changes on
travel behavior.

The following mapping of the conventional se-
quence of travel choices on the explicitly and
uniquely calculated travel components is helpful.

Long- or Short- Travel
Run Travel Choice Component
Population and employment growth, de- X
cline, or redistribution
Transit trip frequency, destination 2
choice, and modal choice due to
changes in automobile level of
service
Transit trip frequency, destination 4
choice, and modal choice due to
change in transit level of service
Transit path choice 3

The time of day travel choice is omitted here for
ease of presentation. It is addressed in the Balti-
more study through the development of alternative-
specific peaking factors that reflect how this
travel choice varies with the transportation im-
provement. Because it goes back to land use changes
(component 1), the method assumes a long-run equi-
librium between the preferred residence and employ-
ment (and other) locations of people and the travel
choices available to them. This generally requires
that elasticities should be used that have been
derived from models estimated by using only a cer-
tain kind of data, namely cross-sectional origin-
destination data (1). This is not a constraint
because most models are estimated by using such data
collected at one point in time. The distinction
between short- and long-run elasticities is
important because it has been found that elasticity
estimates based on models calibrated with
cross-sectional data are consistently larger than
short-run elasticities based on before and after
studies (4).

Criteria for Selecting Elasticities

Although the application of elasticities is a rela-
tively simple procedure, the elasticities selected
for use in the forecasting approach described above
must be consistent with the travel demand changes
being measured. For example, models based on cross-
section data are often estimated for a given trip
purpose and involve a single travel decision such as
modal choice. Other models, known as direct-demand
or simultaneous-choice models, include a range of
travel decisions--trip frequency, modal choice, and
destination choice. Note that this set of travel
decisions is the behavior being modeled in step 4



34

above. Still other models calibrated with before
and after data typically measure the dJifference in
aggregate demand on a facility or system from a
given improvement in level of service. However, if
the before and after data are only for a specific
facility, they include travel diverted to the fa-
cility from competing facilities as well as demand
induced as a result of the facility improvement.
Elasticities estimated by using such data do not
distinguish between diverted and induced travel, The
elasticity-based forecasting procedure described in
this paper calls for separate calculation of induced
and diverted travel components. That is, the
transit trips factored to reflect induced travel
consist only of trips already diverted to, or con-
fronting, the benefits of the proposed transit
improvement. Therefore, facility-specific data from
before and after studies are generally inappropriate
as sources of elasticities. In addition, elastici-
ties that result from many before and after studies
fail to fully account for the effects of changes in
level-of-service that are exogenous to the improve-
ment but that influence demand. In general, elas-
ticities derived from models are preferred to before
and after studies because they control for more
factors that affect travel demand.

Elasticities are transferable contingent on
certain conditions. Therefore, the elasticities to
be used in patronage forecasting should be selected
with several criteria in mind.

1. Elasticities should be derived from travel
models that are consistent with travel behavior
theory so that the elasticities will be behavioral.

2. Long-run elasticities should be used when
future vyear travel forecasts are required. As
discussed above, long-run elasticities can be esti-
mated from cross-sectional (or some time-series)
models that include (control for) a large set of
relevant variables. Direct demand models (3,5) are
preferred, especially for deriving nonwork trip
elasticities because they measure at one time the
impact of changes in all travel choices on ridership.

3. Elasticities should reflect the travel pat-
terns of the study population to the extent possible
by developing composite elasticities estimated for
specific trip types or transit users. For example,
the observed trip purpose distribution can be used
to combine work and nonwork trip elasticities to
develop the appropriate peak-period or all-day
elasticity for the study area.

4. Socioeconomic characteristics of the popula-
tion and the base 1level of service can have an
effect on the value of elasticities. Therefore,
elasticities appropriate for the study population
and level of service should be used.

ELASTICITY-BASED PATRONAGE FORECASTS FOR BALTIMORE
NORTH CORRIDOR

The Baltimore North Corridor alternatives analysis
considered four basic transit alternatives: light
rail, commuter rail, busway, and express bus, The
light rail transit alternative consists of a new
two-track rail transit system that would extend
about 16.5 miles from the northern point of the
corridor (Hunt Valley) through MetroCenter, The
commuter rail alternative involves a shorter align-
ment that begins at Timonium (3.5 miles south of
Hunt Valley) and ends near the northern border of
MetroCenter. A timed transfer shuttle bus service
provides collection and distribution service in
MetroCenter. The busway consists of an exclusive
right-of-way for buses used by two types of routes.
A spine service is provided that originates at Hunt
Valley, stops at intermediate on-line stations, and
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circulates on local streets in MetroCenter. Express
buses, which provide park-and-ride and collection
and distribution service in the North Corridor and
circulate in MetroCenter, also use the busway. The
express bus alternative consists of a network of
park-and-ride lots and express bus services by using
the existing roadway system in the North Corridor
and circulating in MetroCenter.,

Data Preparation

The elasticity-based method is predicated on the
ability to identify and work (manually) with a
relatively small number of existing routes and links
from which travelers might be diverted to the new
and improved facility. This is not usually possible
when analyzing a new, high-speed expressway that

in multiple corridors of a region. For the express-
way example, detailed computerized conventional
network analysis seems inescapable. However, such
projects, which have such far-reaching facility
interactions, are no longer the focus of most plan-
ning exercises. The Baltimore North Corridor tran-
sit alternatives are typical of current major trans-
portation improvement proposals in even the largest
urban areas. These consist of express transit lines
whose travel impacts affect relatively few (albeit
large) transportation links in one corridor.

Data preparation for the Baltimore North Corridor
alternatives analysis included identification of the
bus routes and links currently used that might be
diverted to the new and improved facility. Volumes
on these links are obtained from observed bus counts
and represent the relevant travel universe that
might be affected by the proposed alternatives. For
purposes of growth factoring (step 1), it is neces-
sary to define the area served by the affected
transit links and to delineate analysis zones within
the service area. The maximum service area was
defined by examining the existing and proposed
transit alternatives, their access characteristics,
and relevant existing travel data such as data on
distance between travelers' origins and transit
lines and level of transferring. Because elastici-
ties are applied incrementally, only travel affected
by the alternatives needs to be considered. There-
fore, data requirements are small relative to fore-
casting methods that simulate all travel in a region,

Trips on the affected transit 1links are then
assigned to the origin and destination superzones
served by those links. This assignment is done on
the usual basis of shortest path (i.e., which bus
routes serve which superzones), and information on
average trip length or from on-board transit surveys
if available. UTPS-selected link output, if avail-
able from an earlier study, is of course very help-
ful in this regard for obtaining the existing O-D
distribution of observed trips on any transit link.

The actual travel diverted to each alternative is
calculated in step 3 by using a proportional assign-
ment procedure. The assignment procedure is based
on the concept that the route choice travel decision
can be represented as a function of the relative
utilities or impedances on the alternate routes. The
utilities are a function of the various service
attributes, weighted by traveler's preferences for
these attributes. Hence, the proportion of trips
between two points attracted to each route is pro-
portional to the relative impedances of the routes
that connect these points, such that

Pi= /IO m
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where

P; = proportion of trips attracted to route 1,
I; impedance of route i, and
i,3 route alternatives.

The impedance term includes level-of-service
attributes such as in-vehicle time, walk time, wait
time, and fare. The weights for attributes are
derived from travel model coefficients estimated for
populations comparable with the study corridor. The
product of this step for each alternative (in the
Baltimore application) is diverted travel by access
mode to each station or express bus route segment by
0-D pair and previous transit path. This allows the
exact calculation of changes in most level-of-ser-
vice characteristics faced by transit users to
calculate diverted and induced travel. That is, the
use of zonal average travel times or waiting times
for multiple routes is avoided.

Calculation of the fourth travel component,
induced travel, involves two steps. First, the
percentage change in 1level of service faced by
existing submodal travel markets is used to calcu-
late increases in transit trips by these markets
induced as a result of the improvement. Transit
demand elasticities are applied to the service
improvement obtained by users who travel between two
zones for each base (previous) transit path and
access mode. The separating of submodel travel
markets avoids the need to aggregate access level-~
of-service over submodes (e.g., by taking weighted
averages) .

Aggregation introduces paradoxes and illogical
change measures. For example, the bus paradox
occurs when improved feeder bus to a trunk transit
mode is provided in an improved alternative as a
service improvement over park-and-ride and kiss-
and-ride. Simple computation of a weighted average
in-vehicle access time actually increases travel
time with the service improvement since a higher
percentage of transit users use the slower feeder
bus relative to automobile access. This lowers
overall demand for that route, despite the transit
service improvement. Hence, the paradox, which is
avoided by analyzing the behavior response of exist-
ing submodal travel markets separately.

The second step in the calculation of the fourth
travel component is calculation of induced travel
for new submodal travel markets. For example, with
the provision of a park-and-ride station, travel by
a new submodal market--automobile access~--may be
expected. In this case, if diverted and induced
trips by walk and feeder bus at the new station are
estimated to total 200 and the equilibrium submodal
split at the station is 50 percent walk and feeder
bus and 50 percent automobile, the station will
attract 200 additional trips by automobile access
for a total of 400 trips. Future equilibrium sta-
tion assignment and access mode split depend on
riders' origin distance from stations, available
feeder bus, roads that connect origin zones and
stations, parking availability, household income and
automobile availability, and characteristics of the
travelers' destination (e.g., parking availability).
Access mode split is also heavily affected by the
fact that transit travel between suburban areas
where automobile level-of-service is good is domi-
nated by transit captives, although travel to the
downtown attracts choice riders as well as captives.
Therefore, the origin-zone-specific access mode
splits for travel to suburban destinations were
significantly different from those assumed for
travel to MetroCenter. The product of this step is
total peak-period travel on the alternative. Note
that because induced travel and diverted travel are
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calculated separately, a direct output of the method
is the number of new transit trips associated with
the transportation improvement.

Elasticities Selected for Baltimore

For the Baltimore alternatlves analysis, elastici-
ties derived from cross-section models (3,5-8) were
used to develop constant peak-period transit elas-
ticities. Elasticities with respect to the follow-
ing transit level-of-service variables were devel-
oped: fare, in-vehicle time, out-of-vehicle time,
and frequency. The frequency elasticity was used to
measure the impact of changes in trip frequency
where headways were greater than 10 min. The wait-
ing time (out-of-vehicle time) elasticity alone is
inadequate to measure the full effect on patronage
of headways greater than 10 min because the conven-
tional definition of wait time as one~half the
headway up to a maximum of 5 min was used. Cross-
elasticities with respect to the following automo-
bile level-of-service variables were also developed:
automobile operating cost and automobile in-vehicle
time. The selected values for these elasticities
are given in the table below.

Selected
Value of
Elasticity Elasticity
Direct
Transit fare -0.15
Transit in-vehicle time -0.37
Transit out-of-vehicle time -0.65
Transit frequency +0.26
Cross
Automobile operating cost +0.18
Automobile in-vehicle time +0.20
Results
Total Baltimore North Corridor and MetroCenter
peak-period (7:00-9:00 a.m.) transit trips are
summarized for each alternative in Table 1. This

table gives boardings on each alternative as well as
all transit destinations in the North Corridor or
origins in MetroCenter. The comparison of total
transit trips reveals that the highest level of
transit tripmaking occurs with the rail transit and
busway alternatives, followed by express bus and
commuter rail, The differences in the number of all
corridor transit trips between alternative and base
(1978 transit network) trips are new trips induced
on each alternative.

COMPARISON OF ELASTICITY-BASED FORECASTS WITH UTPS
FORECASTS FOR BALTIMORE NORTH CORRIDOR

Patronage forecasts for the alternatives were devel-
oped by using both the elasticity-based method and

Table 1. Daily morning peak period Baltimore North Corridor and Metro-
Center transit trips by alternative, 1995.

Difference in All

All Corridor Transit Trips
Total and MetroCenter Relative to Base®

Mode Boardings Transit Trips® (%)

Base® 41575

Rail transit 14 147 46 560 +11.99
Commuter rail 4197 42332 +1.82

Busway 14172 46 333 +11.44

Express bus 6 801 43 369 +4.32

Ancludes all trips that have an origin or destination in the North Corridor or an origin
in MetroCenter,
Equals the percentage of new trips induced on each alternative.
Refers to 1995 land use and highway system on 1978 transit network.
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the local set of sequential travel demand models
estimated by using UTPS software. Critical points
of difference between the methods are described
below.

STRUCTURAL AND CALIBRATION DIFFERENCES

The elasticity-based forecasting system is an incre-
mental method in that changes in observed transit
ridership are estimated as a function of changes in
level-of-service. The four-step sequential fore-
casting procedure used to forecast patronage for the
Baltimore alternatives, in contrast, is a synthetic
method by which total regionwide transit travel is
estimated from scratch for each alternative. Tran-
sit level-of-service and assignment are based on the
minimum single transit path available (determined by
the simple, unweighted sum of in-vehicle and out-
of-vehicle time), including the minimum time access
mode. Similarly, automobile level-of-service is
measured on the single shortest path. Interzonal
level-of-service variables included in the mode
split model are in-vehicle travel time, out-of-vehi-
cle travel time, and user cost. The resulting mode
split is then applied to a fixed 1995 trip table.
Transit trips are assigned to the network by using
an all-or-nothing assignment procedure.

From the above descriptions, several critical
differences with respect to the application of the
two methods in Baltimore can be identified. First,
the existing sequential models assume a fixed person
trip table;, but the elasticity method relaxes this
assumption. Relaxation of the fixed trip table
resulted in approximately 1000 additional trips in
the case of rail transit. Second, transit level-
of-gservice measures in the existing Baltimore mode
split model are based on single minimum path level-
of-service and, therefore, may present an optimistic
measure of actual transit service used by all mem-
bers of the public. The elasticity method, on the
other hand, uses actual level-of-service faced by
travelers on each transit path between a given 0-D
pair. The existing Baltimore assignment procedure
involves all-or-nothing choice and is based only on
travel time. The elasticity-based method diverts
transit travelers by using a proportional assignment
procedure based on several level-of-service vari-
ables. Note that the bias imposed by the use of
minimum path level-of-service measures may be miti-
gated in that the coefficients of the existing mode
split model were also estimated based on minimum
path service measures. However, in many cases, the
new facilities tested in this study provide signifi-
cant service improvements, which leads to a greater
difference between the minimum path and average
path. Hence, this procedure results in upwardly
biased estimates of transit travel.

The elasticity-based method also identifies
distinct travel markets based on submodal choice,
thereby avoiding the need to average level-of-ser-
vice across submodes, which often leads to paradoxi-
cal results. In addition, this approach recognizes
that automobile access to transit represents a
distinct mode from walk or (feeder) bus access to
transit and serves a different travel market seg-
ment. In the existing sequential models used, all
transit modes are defined as a single mode that
serves one travel market.

Finally, the two methods differ with respect to
the level of calibration detail. Although the
sequential method is applied at the transportation
analysis zone 1level, the elasticity-based method
employs sketch-planning zones. Therefore, the
former method has the potential for measuring level-
of-gervice with greater accuracy. The elasticity-
based method, however, measures the changes in
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level-of-service exactly, based on travelers' sub-
mode and path for a given interzonal movement. The
interzonal measures are used only as the large
denominators in the calculations of percentage
changes.

The impact of the structural and calibration
differences identified above is that the sequential
method is expected to result in larger diversions of
automobile trips from the fixed trip table to the
alternatives relative to the elasticity-based
method. This 1is because of several optimistic
assumptions regarding transit service employed in
the sequential models, which are compounded in each
step of the estimation procedure. In the first
step, the minimum transit path is built. This
pathbuilding results in an underestimate of actual
transit travel time in three ways. First, not all
transit users choose the path that has the minimum
travel time. For example, automobile access may
represent minimum access time, but not all users
have an automobile available. Second, because the
minimum pathbuilding method does not reflect that
travelers weigh out-of-vehicle time more heavily
than in-vehicle time, the model loads up new line-
haul routes that minimize in-vehicle time relative
to headways (wait time) and coverage (walk time). In
addition, because the minimum path is both built and
skimmed by using the unweighted sum of in-vehicle
and out-of-vehicle time, the impact of a transfer
between transit vehicles is underestimated, since a
transfer imposes a higher proportion of out-of-vehi-
cle time relative to total travel time. Similarly,
cost affects travelers' route choice but is excluded
in the building of the minimum path. Third, service
frequency is excluded from the level-of-service
measures. Because differences in frequency are
important to travelers, the exclusion of frequency
biases the patronage forecasts in favor of low
frequency routes.

The above represent several of the major differ-
ences associated with the structural assumptions and
calibration procedures of the two forecasting
methods. Although the Baltimore application of UTPS
is a very careful and elaborate procedure, a number
of the assumptions reflect 1local practice rather
than constraints imposed by UTPS software. For
instance, some UTPS model sets build the minimum
path based on a weighted sum of in-vehicle and
out-of-vehicle time and cost. This definition of
minimum path would reduce the error in the resulting
patronage forecasts.

Total North Corridor boardings, inbound board-
ings, and the percentage of new trips estimated for
each alternative by the two forecasting methods are
compared in Table 2. (The boardings in Table 2 are
lower than those in Table 1 because intra-Metro-
Center trips are excluded for comparability with the
available UTPS output.) Table 2 shows that the
sequential models estimated with UTPS forecast a
larger number of total boardings for all alterna-
tives. The average difference between forecasts of
total North Corridor boardings shown in Table 2 for
the two methods is 41.4 percent. The average dif-
ference between forecasts of inbound boardings,
however, is only 17.2 percent, which indicates that
the greatest difference lies in outbound trips. The
share of morning peak-period outbound trips forecast
by the sequential method ranges from 45.1 percent
for rail transit to 51.7 percent for commuter rail.
The elasticity-based estimates of outbound trips
ranges from 25.4 percent for commuter rail to 32.1
percent for rail transit.

The 1995 base transit trip table developed by
using the elasticity-based method revealed about 25
percent outbound trips and the UTPS ¢trip table
revealed about 35 percent outbound trips. A higher
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Table 2, Comparison of elasticity-based and UTPS Baltimore North Corridor
patronage results by alternative, 1995.

Elasticity-Based

Method Boardings UTPS Boardings
Alternative Total Inbound Total Inbound
Rail transit 13 638 9262 18 508 10 168
Commuter rail 4106 3063 8 828 4268
Busway 11182 8033 12 998 6 383
Express bus 5587 3888 7502 3931

Note: Patronage refers to 1995 daily peak-period (7:00-9:00 a.m.) lrip:. ex-
cluding intraMetroCenter trips for parability with il uTrs
output.

proportion of outbound trips on the new alternatives
is reasonable since the improvement in level-of-ser-
vice relative to the base transit network is greater
in the outbound direction; however, the share of
outbound trips forecast by the sequential method is
exaggerated. A principal reason for this 1s that,
as noted earlier, the four-step sequential procedure
used in this application underestimates the impact
of a transfer. 1In the case of commuter rail, which
has relatively long headways, this upward bias in
favor of the new transit alternative is maximized.

Table 2 also indicates that the sequential method
estimates fewer inbound busway boardings than does
the elasticity method. Two major factors account
for this difference. First, the provision of high-
quality park-and-ride service under the busway
alternative attracts a significant number of park-
and-ride passengers. As noted previously, the
elasticity method treats a new access mode as a new
travel market, and the sequential method simply
assigns a fixed number of transit riders to the
minimum path access mode. Second, the elasticity
method will estimate a greater number of new trips,
all else being egual, because a fixed total trip
table is not assumed.

The results of the two methods are also similar
in several important ways. First, the 1light rail
and busway alternatives attract considerably more
trips than do the commuter rail and express bus
alternatives in both methods. Second, a significant
share of North Corridor boardings occur at the
stations within Baltimore City where the population
density is higher and incomes and automobile owner-
ship are lower (relative to stations in Baltimore
County). Finally, a significant minority of out-
bound trips are destined for the Towson area, an
employment and population center in Baltimore
County. These similarities increase our confidence
in the patronage forecasts. In addition, our
ability to explain differences in the forecasts
based on assumptions implicit in the methods in-
creases our confidence in the validity of the elas-
ticity-based approach. [Note: the elasticity-based
figures are being used as the final patronage re-
sults for local and Urban Mass Transportation Admin-
istration (UMTA) decisionmaking purposes in this
UMTA-sponsored alternatives analysis.]

ADDITIONAL APPLICATIONS OF THE ELASTICITY-BASED
METHOD

The Baltimore alternatives analysis patronage fore-
casting work represents one of the most complex
applications of the elasticity-based method. The
multitude of modest alternatives currently being
considered in urban transportation clearly need
easy-to-use forecasting methods for assessing their
travel consequences. The forecasting methods should
be subject to strict reasonableness tests. The
validity of the results suggests that the method .can
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be even more easily applied to transportation alter-
natives that have fewer network analysis require-
ments (e.g., requirements that affect travel on
fewer existing links with fewer submodes.) Other
applications of the method include estimating the
ridership response to improvements in existing
transit routes; determining the travel impacts of
highway improvements and other automobile level-of-
service changes, including parking strategies and
gasoline price changes; and determining the optimum
mix of fare and service changes for maximizing
transit revenues.

The elasticity-based method provides a quick-
turnaround, relatively 1nexpensive alternative to
conventional large-scale travel models. The method
saves personnel and computational resources without
sacrificing accuracy. It relies on easily available
ground count data and can be applied manually or
with the use of simple computers. Also, the struc-
ture of the method is easily understood by transpor-
tation planners and its transparency allows the
analyst to determine the impact of each step of the
estimation procedure on the resulting forecasts.
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Analytic Models of Trip Length Distributions

MOSHE BEN-AKIVA AND NICOLAOS LITINAS

This paper develops analytic models of trip length distributions. The models
are derived from a destination choice model for a range of assumptions about
the distributlons of transportation level-uf-service attributes and opportuni-

ties over the urban space. These models include all previously reported analytic
trip length distributions. Their derivation from an explicit model of individual

choice behavior illuminates their underlying assumptions about the urban space.

It is shown how the parameters of the derived trip length distributions can be
interpreted and d from available data that includ d parameters
of travei demand modeis and other readily availabie statistics on average speeds
and fuel ption. This makes these models useful for simplified analyses
of various urban transportation policies, especially areawide pricing and travel
time changes.

This paper derives a wide variety of analytic trip
length distributions from underlying assumptions
about travel behavior, transport system performance,
and spatial distribution of travel opportunities. It
develops the relations between parameters of trip
length distributions and aggregate measures of
transport level-of-service, land use, and socioeco-
nomic variables. The resulting trip length distri-
butions have policy-sensitive parameters and there-
fore can be used for simplified analyses of urban
transportation policies and 1land use changes. The
aggregate impacts of changes in the patterns of
travel speeds and travel costs can be predicted by
such a model with fewer input data and calculations
than by a discrete destination choice model that
distributes traffic among a number of origins and
destinations.

A variety of models have been proposed and used
to describe trip length patterns and urban densities
(population, employment or Jjoint populations, and
employment densities). These include the exponen-
tial model [attributed to Clark (1) but first ap-
plied by Bleicher in 1892 (2) to analyze Frankfurt
data], the square root exponential model (3), the
gamma model (3,4), the normal model (5), the shifted
normal model (6), the generalized normal model (7),
the generalized gamma model (8), the power model (39-
11), the beta-type model (12), and the combined ex-
ponential and gamma model (13). The normal model
has also been used with a directionally dependent
variance (7,14,15). Joint population and employment
densities were modeled by the bivariate normal model
(14) and the quadrivariate normal model (16-18).
Theoretical justification is provided for several of
the above models through the framework of spatial
equilibrium of deterministic utility functions with
or without a competitive housing market (17,19-23).
Several models were derived by using the entropy
maximizing approach (24-26) and from the gravity
model (18). A few models have also been derived
from random utility theory. Ben-Akiva and
Watanatada (27) derived a truncated gamma-2 trip
length distribution based on the continuous logit
model and Goodwin (28) derived a gamma trip length
distribution and Mogridge (29,30) a Weibull distri-
bution based on a slightly different approach. Em—
pirical validations and comparisons of alternative
models exist in a number of sources [for example,
Casetti (21), Genest (31), Pearce and others (32),
McDonald and Bowman (33), Clickman and Oguri (34),
and Horowitz (35)1].

In this paper all the trip length distributions
found in the published literature are derived as
special cases of the continuous spatial choice logit
model. Their derivation from the continuous logit
model clarifies their underlying assumptions and of-
fers ways for their improvement. It also offers a

basis for comparison and selection among alternative
models for specific applications. Furthermore, a
few nhew, more general models are derived.

ASSUMPTIONS ABOUT URBAN SPACE UNDER CIRCULAR
SYMMETRY

The derivation of the trip length distributions in
this paper is based on the assumption of circular
symmetry around the decisionmaker's origin. This is
an approximation of the complex urban patterns that
can be employed here for analytical convenience be-
cause of the nondirectional nature of the analysis.
The results demonstrate that even this highly sim-
plifying assumption leads to valid trip length dis-
tributions that are expressed as functions of a
small number of parameters.

Assumptions About Generalized Transport Cost
surface

Assume a circularly symmetric (around the decision-
maker) generalized cost surface, B(L, 41Ty, 08y) »
in units of generalized cost per unit distance,
given by (see the coordinate system in Figure 1)

B(Lglrw,0w) = [c/( + ¢o)] +b;(1 +bo)"! o

where ¢, cgq, bss v are parameters that have
specific values by mode and decisionmaker. Equation
1 says that the generalized cost surface depends
only on distance and not on directionality. This
approximation is most accurate in situations with no
directional congestion and for trips that start or
end at the city center. A detailed discussion on
the derivation of this surface from transportation
system performance and the interpretation of its
parameters 1is presented later. For v =1 this
surface can be derived from the velocity field used
by Blumenfeld and Weiss (36) and is also an approxi-
mation of a generalized cost surface based on the
velocity field tested by Angel and Hyman (37). For
this case by can be interpreted as the generalized
cost per unit distance at free flow (i.e., 1 = =)
and c/c, is the difference between the generalized
cost at the most congested point (1 = 0) and a
free flow location.

From this circularly symmetric generalized cost
surface, the value of the utility B for a trip
from w to h can be derived as a function of the dis-
tance 1, as follows (for v>0):

BQ) = - fo BE, By, By)ds

= clncg + (by /)b - cin(l + &o) = (b1 /1) + o) (e))
Let
b=b;/v (3a)
and
a; =-clnc, -bbg (3b)

to obtain,

B)=-a, -b(+b,)" -clnl +¢;) -(4)



Transportation Research Record 895 39
Figure 1. Spatial coordinate system. v
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defined as follows:
B(1) = -a; -bl” -clnl )

This form with v = 1 appears in the 1literature
under the name Tanner function. Mogridge (29) has
also suggested the form blY with 0<y<l as a
suitable approximation for the generalized cost.

The average utility of a trip from w to h is
given by the above B function plus an additive
constant that represents urban area, trip origin,
mode, and decisionmaker—-specific characteristics.
Let a denote the sum of this constant with the above
constant of integration a; to obtain the average
utility as follows:

V(@) =-a-b(l+by,)” ~cin(l +c¢,) ©6)

Assumptions About Spatial Opportunity Density

Under circular symmetry, one of the most general as-
sumptions for the opportunity density function that
represents travel attractions is the form

1) =750+ 1) exp [0 + V)] Q)

where v, Ye Sy Ey and A are parameters
that depend on the urban area and the decisionmaker.
This form equals the kernel of the generalized gamma
density function. We will show later that the gen-
eralized gamma density contains a rich set of den-
sity functions, including normal, hydrograph, Ray-
leigh, Maxwell, Weibull, chi-squared, and gamma
[see, for example, Johnson and Kotz (38), a special
case of interest primarily because most of the
existing models can be derived by using some par-
ticular subcase of this form]. It is obtained by
setting the translation parameter ) in Equation 7
equal to zero, to get

(1) = 701" "2 exp(-51) (8)

CONTINUOUS LOGIT DESTINATION CHOICE MODEL WITH
CIRCULARLY SYMMETRIC URBAN SPACE

The spatial choice logit density function for a cir-
cular attraction area is expressed in polar coordi-
nates, as follows (27,39):

where r* denotes the radius of the boundary of the
attraction area. Substitute in this model the as-
sumptions presented in the previous section (i.e.,
Equations 6 and 7) to obtain:

L, 0) = 7o(1 + M) 2exp[-5(1 + N -2 -b{l + bo)” - clnl + )]

£ fa 2T o U4 W2 exp[5(1+ 1) -2 b1 + by’
-cln(l+co)ligiag (10)
The trip length distribution is defined as,

£1) = fa™ £Q, )ldg = 271£ (L, $) an

Since under circular symmetry the density at a
point can be obtained by dividing f(1) by 27l, the
following analysis considers the derivation of trip
length distributions only. Substitute Equation 10
in Equation 11 to obtain the following trip length
distribution for a circularly symmetric logit model:

£1)= @+ N7 (+ co) ™ Lexp(-b(l +by)” - 5(1 + 1]
S5+ )2 (14 c) Lexp[-b(l +by)” -6(1 + NE dl 12)

Without the translation parameters (A = b, =
c, = 0) Equation 12 simplifies to
£Q) = 17"~ Lexp(-bl® - 818)/ f5" 17 "L exp(-bl” - 51 )dl (13)

where y* is identical to y - c.

Equation 12 is the general form of the circularly
symmetric continuous logit trip length distribution.
The integral in the denominator cannot be evaluated
analytically except for special cases. These ana-
lytic solutions are given in the following section
for the classification of special cases shown in
Figure 2. Each special case is defined as a com-
bination of the following:

1. With or without translation parameters,

2, Finite or infinite radius r¥*, and

3, One of the following ranges of values for v
and E: (a) v = E>0 or veg =0 and v +
£>0, (b) v ¥ E, veg>0 and v + £>0, or
(c) v=1¢ = 0.
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Figure 2. Special cases of circularly symmetric distribution.
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TRIP LENGTH DISTRIBUTIONS

The complete list of the analytic trip length den-
sity functions according to the classification of
Figure 2 is given in Litinas and Ben-aAkiva (39).
This section summarizes the key results and dis-
cusses specific assumptions and the relations among
special cases. Particular emphasis is placed on the
special cases that correspond to the models that
have appeared in the literature.

Models for Unbounded Urban Area Without
Translation Parameters

In this case, the trip length density function is
given by Egquation 13, with Two major
families of models are derived: the generalized
gamma and the shifted generalized gamma. For the
third case the distribution vanishes.

r* = o,

Generalized Gamma Models (v = § = v* or
vE = 0 and v + £>0)

The trip length density is given by
f(1) = Generalized gamma (v*, v*, b*) 14)
Note that for the

where b* is identical to b + §.
case £ = 0 or § = 0 the model is

f(1) = Generalized gamma (», y*, b) (15)

and for the case ¢ =0 and £ =0 (or § = 0), it
is

f(1) = Generalized gamma (v, v, b) (16)

Thus, the models in Equations 14-16, which are based
on different assumptions, have the same form.

The generalized gamma model is equivalent to the
model used by Blumenfeld and others (8) and labeled
as the generalized Clark and Sherratt model. Depend-
ing on the particular values of v*, four types of
distributions can be distinguished within the gen-
eralized gamma family: gamma, generalized Gauss,
generalized Weibull, and other.

Gamma Models (v*=1)

For v* =1 or [v=1] and § =20 (or E = 0)]
or [v=1] and § =0 (or g =0) and c = 0] the
generalized gamma density becomes the gamma density:

f(1) = Gamma (v*, b*) an

This model was studied by Ajo (3), Aynvarg (4), and

Blumenfeld (7) and has had numerous applications
Speciﬁ Cases of the gamma model are obtained for

different values of y*. The model for y* = 1 is

£(1) = exp(b®) (18)

In this model, if § = 0 (or g = 0) the opportun-
ities are assumed to decline with the reciprocal of
distance. For y* = 2, the model is

f(1) = Gamma (2, b*) (19)

This model with & =20 (or E=10) and c¢c =0
represents an assumption of a featureless plane with
uniformly distributed opportunities (27) and |is
equivalent to an exponential density at a point
(11). It has had numerous applications (1,2,7,19,

Generalized Gauss Models (v* =2}

For v =2 or [v=2 and E=0 (or & =20)]
1

or [v=2 and §=0 (or E=0) and c = 0], the
model is
f(l) = Generalized Gauss [y*, 0, (1/2b*)] (20)

It includes as special cases the following distribu-
tions: normal, Rayleigh (which is also called cir-
cular normal), and Maxwell (which is also sometimes
called spherical normal). It is equivalent to the
generalized Sherratt model used by Blumenfeld (7).

Special cases of the generalized Gauss model are
obtained by specific values of y*. The model for
y* =1 is
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f(1) = 2 Normal [0, (1/2b*)] @21

For 6§ =0 (or £ =0) and ¢ = 0 it corresponds to
declining opportunities with the reciprocal of dis-
tance and increasing travel costs with the square of
distance. For y* = 2, the model is

f(1) = Rayleigh [0, (1/26%)] (22)

which is the same as the Sherratt model for popula-
tion density at a point. 1In rectangular coordinates
the density at a point (x,y) is an independent bi-
variate normal with zero means and variances 1/2b*.
For § =0 (or g =0) and ¢ = 0 it represents a
trip length distribution under a featureless plane
assumption. The Rayleigh and the normal models have

49). The model for y* = 3 is
f(1) = Maxwell [0, (1/2b*)] (23)
Generalized Weibull Models (v* = ny*)

The generalized Weibull distribution is obtained
from the generalized gamma by letting v* = ny*,
where n 1s a positive integer.

f(1) = Generalized Weibull (y*, b*, n) 24)
For n = 1 it becomes the Weibull density,

£(1) = Weibull (y*, b*) (25)

This model was also derived by Mogridge (29). The
model for n = 2 is

f(l) = Modified Weibull (y*, b*) (26)
Other Models

Other values of v* result in other types of dis-
tributions. A special case of interest is the model
for v* = 1/2,

(1) = Generalized square root exp(y*, b*) 27

from which more specialized cases can be obtained

for different values of «y*, For example, for
¥* = 1 the model is
f(1) = Square root exp(b*) (28)

and for y* = 2, it becomes
f(l) = Generalized square root exp(2, b*) (29)

The last model was used by Ajo (1), Cassetti (21),
and Papageorgiou (22).

Shifted Generalized Gamma Models (v#f and vE>O,
v + g>0)

The shifted generalized gamma distribution is de-
fined by Equation 13 with r* = « and by restrict-
ing the exponents v, E to unequal positive
values. A closed form solution for the whole family
of these models does not exist. However, solutions
may be obtained for certain specific values of
and g. The shifted generalized Gauss distribution
is obtained when one exponent equals 2 and the other
equals 1.
For v = 2 and £ = 1 the model is

f(1) = Shifted generalized Gauss (y*, - 5/2b, 1/2b) (30)

The following special cases are of interest:
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For y* = 1, f(l) = Shifted normal (- §/2b, 1/2b) 31)
For y* = 2, [(1) = Shifted Rayleigh (- 6/2b, 1/2b) (32)
For y* = 3, f(1) = Shifted Maxwell (- §/2b, 1/2b) (33)

For v=1 and E = 2 the models are obtained by
interchanging § and b in the above distributions.

The shifted Rayleigh trip length distribution is
equivalent to the shifted normal for population den-
sity at a point. It has numerous applications (6,
20,21,32-34).

Models for Bounded Urban Area Without Translation
Parameters

For a bounded urban area without translation param-
eters three general families of models are derived
from Equation 13:

1. Truncated generalized gamma density,

2. Truncated shifted generalized gamma density,
and

3. Power density.

Distributions 1 and 2 have identical kernels to the
distributions of the generalized gamma and the
shifted generalized gamma. In many previous appli-
cations these models were applied in a form that
contains the kernel of a distribution multiplied by
a constant that was not derived explicitly. The

power density is obtained from Equation 13 for
v=¢g=0,
f(l) = Power density (y*, r*) (34)

This distribution was proposed by Harwood (9) and
Smeed (10,11), and applied by Pearce and others (32)
and Pearce (50).

Models for Unbounded Urban Area with Translation
Parameters

Three general families of models are derived from
Equation 12 with r* = =,

Combined Generalized Gamma Models (v* = y = )

It was not possible to obtain a closed-form solution
for the general model except for the special cases
with equal translation parameters, A =Co =
by = A*. The model for v* =1 is independent
of b, and in general can be expressed as a sum of
gamma densities.

For y* = 2 it reduces to gamma (2,b*). For
y* = 3 it results in a convex combination of gamma
(2,b*) and gamma (3,b*),

f(l) = [b*A%* /(2 + b*A¥)] gamma (2, b*) + [2/(2 +b*A*)] gamma (3, b%) (35)

where A¥ = Co = A

This model divided by 2ql1 is equivalent to the
model of population density at a point proposed by
Reinhart (13) and further analyzed by Casetti (21)
and Papageorgiou (22). Other values of y* result
in different combinations of gamma densities.

Solutions can also be obtained for special cases
of 1 # cge For example, letting co =0 re-
sults in a combination of a gamma 2 with an exponen-
tial density.

The general model for v* = 2 is the combined
generalized Gauss density. For y* = 2 it reduces
to the shifted Rayleigh density ()*, 1/2b*) which
has the same form as Equation 32 but with different
interpretation of the parameters. The case y* = 3
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results in a combination of a shifted Mawell with a
shifted Rayleigh density.

Combined Shifted Generalized Gamma Models
(v # £ and vE>0, v + E>0)

In the combined shifted generalized gamma models
case even the special case for v=2, g=1 or
v=1, E=2 could not be solved in closed form.
However, for A =Cop = A and Y* = 2 the
shifted Rayleigh density 1is obtained and «* = 3
results in a combination of a shifted Maxwell with a
shifted Rayleigh. These models have the same func-
tional forms as those of the models for the combined
generalized gamma models with o* = 2 with differ-
ent interpretations of the parameters.

Combined Generalized Beta Prime b

(v =g=20)

PR S
vae.ls

The general form of the combined generalized beta
prime models can be expressed as a combination of
generalized beta prime densities. The model for
Co>x>0 is a combination of two generalized beta

primes [(yec = yo Ar Co) with (y = 1,
c=-y+1, A, cg)l, which for =0 reduces
to

f(1) = Generalized beta prime (y,c-7,0,¢,) ¢>7v>0 (36)
and further simplifies to

f(1) = Beta prime (y, ¢ - ) 37)
for co = 1. Similarly, the model for A>Co>0

is another combination of two generalized beta

primes [(2 - ¢, c - vy Cor A) with (1L - ¢,
c-y+1, cogr AN1l. For co =0 this model
reduces to

(1) = Generalized beta prime (2 -¢,c-7,0,\) 7y<c<2 (38)
and to

f(l) = Beta prime (2 -¢c,c - 7) (39)
for A = 1. For the third possibility of 2 =
Co = ).#>0, the model is

f(1) = Generalized beta prime (2,¢ -7, 0, W) e>v (40)
which for 1% = 1 becomes

E(l) = Beta prime (2,¢ - v) (41)

The beta prime densities in Equation 37 with
y = 2, Equation 39 with ¢ =0, and Equation 41
correspond to the simple potential models proposed
and used by Stewart and Warntz (51) and Warntz (52)
for rural population densities. The generalized
beta prime models in Equation 36 with y = 2, Equa-
tion 38 with ¢ = 0, and Equation 40 correspond to a
modified simple potential model for population den-
sities investigated by Papageorgiou (22). Casetti
(21) used the simple potential model with good re-
sults in peripheral areas of a number of cities.

Models for Bounded Urban Area With Translation
Parameters

For models for bounded urban area with translation
parameters Equation 12 is used to derive the trun-
cated counterparts of the distributions in the
models for unbounded urban area with translation
parameters.
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In the combined generalized beta prime models for
the following opportunity density function

) =yE (-2 (42)
and for o = 0, the model is
f(1) = Generalized beta (2 - ¢,y - 1,0, r*) 43)

This model with ¢ = 1 (or ¢ = 0 for the population
density at a point) corresponds to a model proposed
by Mills (12) and discussed by McDonald and Bowman
(33).

ESTIMATION OF PARAMETERS

The purpose of this section is to relate the param-

atara nf the modele with +ha i
eters of the models with the transportation system

performance and the decisionmaker characteristics.
For illustrative purposes, take the case of travel
by automobile (Aa).

First consider performance of the transportation
system. Continuous surfaces are used to describe
the travel time and travel cost per unit distance at
each point of the urban space. Consider the follow-
ing circularly symmetric travel time surface cen-
tered at the traveler's origin (see Figure 1 for the
coordinate system):

ta(, @11y, 04) = (A /1 +Can) + bia(l +ba) A" (44)
where R (L, 01Ty, 0y) is the travel time
[llnin/unit distanceI at the point (1, ¢)] and
cpr Colir biarbonrva are parameters

that can be estimated from observation and can be
influenced by policies.

The first term of Equation 44 decreases with in-
creasing 1, and the behavior of the second term de-
pends on the wvalue of va. For O0<vp<l it
also decreases with 1 but less rapidly than does the
first term. For va =1 it is constant, and for
vp>l it increases with 1. It 1is reasonable to
assume that Vlﬁl' Then, the effect of the
first term is more important in locations close to
the travelers' origin and the weight of the second
term is greater for distant locations. This func-
tional form has enough flexibility to allow the rep-
resentation of a wide range of travel time fields
observed in urban areas and used by Blumenfeld and
Weiss (36) and Angel and Hyman (37).

Consider the following travel cost surface:

Ca(l, #lry, 0,,) = AVMMC, - 14(, ¢lry,, 04,) (45)

where  Cp(l,41ry,8,) is travel cost [#/unit
distance (1,¢)] and I-\VMMCA is the average mone-
tary cost of travel by automobile (¢/min).

Equation 45 implies that the travel cost per unit
distance increases as the travel speed decreases.
The average travel cost per minute (AVMMCp) can be
approximated from an average travel cost per mile
(AVMCp) as follows:

AVMMC, = AVMC, - ¥, /60 (46)

where Vp 1is average travel speed (miles/h) and
AVMCA is average monetary cost of travel by auto-
mobile (g/mile).

The average cost per mile can be related to gaso-
line price, fuel efficiency, and other costs such as
maintenance costs as follows:

AVMC, = (GPRICE/MPG) + MC “7
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where

GPRICE gasoline price (¢/gal),
MPG miles per gallon of gasoline, and
MC = maintenance costs (g/mile).

A different travel cost surface can be derived
from the following relation of gasoline consumption
to specific automobile characteristics:

wall, ¢lry, Gw) =Kjat (KZA/60)'A(1, ¢lrwy ew) (48)
where

opl{l,¢1ry,0,) = gasoline consumption
[gal/unit distance at (1,4)1,
Kip = 9asoline consumed to overcome
the rolling resistance (gal/unit
distance), and
Kop = gasoline consumed to overcome
mechanical losses (gal/h).

The above equation has been investigated by
several researchers in numerous experiments. This
equation was found to adequately explain fuel con-
sumption for different drivers who are driving
normally in urban traffic and for speed <70 km/h
[see for example, Evans and others (53), Evans and
Herman (54,55), Chang and others (56), and Chang and
Herman (57)]. The use of this equation is associated
with a simplified fuel-consumption model theoreti-
cally derived by Amann and others (58). The param-
eters Kja and Kpa can be inferred from the
weight of the car and the idle fuel flow rate as
follows:

Kia =kiaWa (49a)
Kza =kaala (49b)
where

Wap = weight of the car (1lb),
I idle fuel flow rate (gal/h), and
kiarkop = constants.

Evans and Herman (55) provide values of Kyine
kopr Wp, and I, for wvarious cars. Based on
Equation 48 the travel cost surface is derived as
follows:

Call, 81y, 0,) = MC + GPRICE (1, 61r,,., 8,,) (50)

This cost surface allows a more elaborate analysis
of automobile-related policies (for example, the ef-
fect of smaller-size cars on gasoline consumption).

The generalized cost surface [Bea(lsdiry,
8y) 1, which expresses the disutility per unit
distance at the point (1,8) perceived by traveler
t, is derived from the above travel time and travel
cost surfaces as follows. Assume that the disutility
of travel is a linear combination of travel times
and travel costs. Then, Bea(l, ¢1ty,0y)
can be written as,

B(A(l’ ‘Mrwx 'gw) =MUTT, 1401, 91y, OW)
+ (MUTT/VT,)Ca(, @11y, O4) G2

where MUTT, is the marginal utility of travel time
for decisionmaker t, which can be inferred from
existing estimated discrete logit models, and VT
is the value of time for decisionmaker t (¢&/min).

The value of time (VTy) is often estimated as a
percentage of the wage rate as follows:

VT, = (PWRVT,)(INC,)/1200 (52)
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where

INC, = annual income for decisionmaker t ($),
PWRVTt = percentage of wage rate for the value
of time, and
1200 = factor that converts annual income to
wage rate, assuming 250 working days/
year, (#/min).

Substitution of the above travel time and travel
cost surfaces in equation 51 yields the form of
Equation 1 as follows:

-1

Bia(l, ¢11w, 0w) = [eeal( + o)l +biall + boa)™ (53)
where

€ = Cear

by = byear

vV = var

Co = Conr and

by = Dgas

For the cost surface assumption of Equation 45
the parameters are evaluated as follows:

¢ea = MUTT, ¢4 ({ [(GPRICE/MPG) + MC] 2075 /(PWRVT,)

X (INC)} + 1) (542)

biga = MUTT, bia ({ [(GPRICE/MPG) + MC] 20V /(PWRVT,)

x (INC)} +1 ) (54b)

For the cost assumption of Equation 50 and for
the case of vp =1 the following expressions for
the parameters are obtained:

cia = MUTT, ¢ {1 + [20k 1A GPRICE/(PWRVT)(INC,)] } (55a)

bea = MUTT,{bis + [20k; 4 Tab] AGPRICE/(PWRVT)(INC)]
+ [1200/(PWRVT,)(INC,)] (MC + k1WA GPRICE) } (55b)

Note that in this case bgp = bygp.

Thus, all the parameters of the generalized cost
surface of Equation 1 have been related to the
transportation system performance and the decision-
maker characteristics., The B function derived
from this surface is given in Equation 2. The aver-
age utility function (V) given in Equation 6 equals
the sum of this g function with the trip origin,
mode, and traveler-specific constants., However, the
additional parameter (a) of Equation 6 (denoted here
as agpy,) does not enter the expressions for the
automobile trip length distributions and therefore
it will not be evaluated here in terms of other
variables.

The above relations give a behavioral interpreta-
tion and a method of calculation for the parameters
of all the derived trip length distributions and
permits the use of these models for simplified pol-
icy analysis.

Below, two special cases of the above results are
presented in more detail. For these cases a slight-
ly different interpretation of the parameters is
also possible, such as the case vp = 1. This
case covers a broad range of the derived trip length
models. The travel time surface of Equation 44 for
VA=1 is

’A(l: ¢|rw,0w)= [c;\/(1+coA)] +bI’A (56)

This surface has been used by Blumenfeld and Weiss
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Figure 3. Simplified velocity and travel time surface. 4 »
iles
@ in T2€8 _min_
hr l = mile
3
2
i
=——— Equation (56) CA = 63 COA 3; biA =1;
LR Equation (59) c, = 58,5; cg,= 19.5; r* = 30
} e . : 4
0 5 10 15 20 25 30
% in miles
(36) and its shape is shown in Figure 3. Note that A =60r*/(VE-VR), (60b)
the following relation exists between its parameters:
; N VA = travel speed (mph at traveler's origin),
Chfeon =tth - 11X (57) V4 = travel speed (mph at r*), and
r* = the radius of city boundary from traveler's

where tl; is the free-flow travel time [min/
upit distance (i.e., 1 = »)], which 1is equal to
bja and ttg is the travel time [min/unit
distance at (Lyrby) 1.

Apply the previously described assumptions to
derive the average utility function as follows:

Vial) = -ajaw - cta In (1 + con) = bea | (58)

To get the parameter values of Equation 58, first
estimate Car CoAr and bia from travel
time field observations. Assume the travel cost
surface of Equation 45 and obtain estimates of
GPRICE, MPG, MC, Var PWRVT, INCy, and
MUTT,. Substitute these values in Equation 54 to
compute Ceas bypp. For this case byp = byep.

For the case of a bounded urban area another
interpretation of Equation 58 is possible. Assume
that the travel speed is linearly increasing from
the traveler's origin to the city boundary. The re-
sulting travel time surface (see Figure 3) is as
follows:

tA(lx ¢|rw,6w)=C;\/(l +COA) (59)

where

Coa =T*VRIVE - VR), (60a)

origin (miles).

Assume that the travel cost surface is given by
Equation 50, Th'en substitute Equation 60 in Equa-
tion 55 for bjp =0 to obtain the wvalues of
Cep and byp.

For the case of cp = 0 it is also required
that byp = 0. The travel time surface is then

tal, $lrw, Oy} = bisl"A (61)

Assume that the travel cost surface of Equation 45
is applicable. Then, these assumptions result in
the following utility function:

Vea(D) = -agaw - bea 14 (62b)

where bya 1is given by Equation 54b. Note that
this utility function covers all the trip length
distributions of categories A and B (i.e., without
translation parameters) by substituting vy* = y.

Now consider the following alternative behavioral
assumption that leads to the same functional form of
the utility function. The decisionmaker perceives
the disutility of travel as a generalized cost to
the vy power. Then, the following average util-
ity is derived
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Via) = -agaw - bea 14 (62a)
where

VtA =VtVA (63a)
and

bia = MUTT, [(b.'A/LA) ({ GPRICE/MPG) + MC] 207,
+ (PWRVT,)(INC,) } + 1)] ‘ (63b)

This interpretation allows the use of models that
have an exponent v¢p # 1 under the assumption of
a constant travel time surface (i.,e., vp = 1).
For this case, the more elaborate travel cost sur-
face of Equation 50 may also be used.
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Optimal Bus Scheduling on a Single Route

YOSEF SHEFFI AND MORIHISA SUGIYAMA

This paper develops a method for scheduling bus runs on a single route so as to
minimize the total waiting time for patrons. The demand for bus travel is as-
sumed to be time-dependent with a given origin-destination pattern. The prob-
lem is formulated as a math | program subject to bus capacity and pos-
sible other (e.g., service standards) constraints. A dynamic programming pro-
cedure is suggested for the solution of this program. Finally, some issues
associated with optimization of the schedule under stochastic demand are ex-

plored as well.

The conventional wisdom in setting up a schedule for
a bus route typically involves supplying enough
capacity at the maximum load point, subject to some
service standards. This approach is useful when the
period for which the schedule (timetable) is set is
one in which the arrival rate of patrons is con-
stant, and when this period is long in comparison
with the bus roundtrip time on the route. When
thege conditions are not met (for example, the
maximum load point may not be stationary or the peak
period may be shorter than a bus trip), the schedule

may not be optimal in the sense that unnecessary
crowding may exist on some buses and slack capacity
may exist on others. Better scheduling may bring
about a higher level of service and increased pro-
ductivity.

The problem referred to in this paper is that of
preparing a desirable schedule for a given route,
not of scheduling the actual buses to the runs. 1In
other words, bus availability and interlining con-
siderations are not taken into account. The inputs
to the schedule preparation problem discussed here
are the route geometry (including stops and speeds
between stops), the total number of bus runs to be
operated, and the desired ¢trip rates (i.e., the
demand pattern). The output is the route's schedule.

The objective of the schedule preparation is to
find the tfmetable that would give passengers the
maximum level of service for a given level of re-
sources. The level of service is expressed in terms
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of total waiting time that should be minimized,
given a fixed number of bus runs.

The practice in the industry, which is also
reflected in the literature, is to assume that the
demand rate is constant throughout a given design
period (e.g., the morning peak). The problem is
then only to find the optimal frequency with which
to operate the route. Once this frequency is deter-
mined, runs are evenly spaced to minimize waiting
time. In reality, however, demand rates are not
constant but vary over time even within design
periods and, in fact, many bus schedules are not
evenly spaced for any period. The focus of this
paper is on the optimal schedule given a time-depen-
dent demand pattern. The first four sections of
this paper consider the demand rates to be determin-
istic (even though the rates change randomly from
day to day). This is due to the planning and opti-
mization perspective of the approach, which focuses
on the mean service rates and run times rather than
the variability in these measures. The last section
attempts to consider some stochastic effects.

A schedule optimization for the simple case of
one destination and where the stop dwell time is
independent of the number of boardings is analyzed
by Newell (1). Newell's approach is used as a
starting point to the cases analyzed in this paper.
Similar cases, with the inclusion of the bus round-
trip constraint, were analyzed by Salzborn (2) and
Hurdle (3,4).

The effect of boarding time on the scheduling
problem was briefly discussed by Friedman (5) and
extensively by the many researchers who looked at
the bus bunching phenomenon (e.g., Osuna and Newell
(6) , Barnett and Kleitman (7), Newell (8), Chapman
and Michel (9), and Jordan and Turnquist (10)1].

The final section introduces some stochastic
considerations and concludes that such modeling
should actually be attempted in the context of real
time control rather than in the context of schedul-
ing.

This paper does not include numerical examples of
the methods shown for reasons of brevity. The
interested reader can find complete numerical exam-
pPles with detailed solutions to all the problems
discussed here in Sugiyama (1ll).

SIMPLE SCHEDULING PROBLEM

This section analyzes a bus route with multiple
boardings and one destination point (the final
stop) . The stops are numbered consecutively i =
0,1,2...,m, and passengers are assumed to board at
stops 1 through m-1 and are all destined for m (the
starting point, 0, represents a garage or layover
point, which does not have to be a part of the
route). In this problem it is further assumed that
the bus speed is constant where At;,i = 1,2...,m
represents the bus travel times hetween stop (i-1)
and stop i, and the dwell times are assumed indepen-
dent of the number of boardings.

The input to this problem includes the demand at
each stop expressed in terms of the cumulative

arrivals [Fj(t)] during the design period; the
number of bus runs available during the design
period (T); and the interstop travel times
(aty). Following Newell (1), we define the

shifted cumulative demand at point 0 as
-1 i

Ft)= % Fi(t+ b5 Atk) 1)
i=1 k=1

Assume n buses are dispatched from 0 at times
ts,j=1,2,...,n, as shown in Figure 1. Obviously
tge total waiting time (w) is the shaded area be-
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tween F(t) and the step function created by F(tj)
for ty <t <ty

In other words, the total wait time (w) is given
by

n=1 _tj+1
w= 2 [
i=0 f‘]

[F(t) - F(t))] dt @
where F(tp) = 0 and F(ty) is the total number of
boardings along the route (t, = T, the end of the
design period).

Following WNewell we observe that in order to
minimize w, every passenger has to be picked up by
the first bus that comes along after his or her
arrival at the stop. This, in fact, can be thought
of as a necessary condition for a minimum. This
observation simplifies any solution procedures
significantly because it reduces the feasible space,
as shown below.

Newell presents the analytical solution to the
minimization of w with no capacity constraints. 1In
our case we are interested in minimizing w subject
to the following constraints:

Ft;)-F(tj_)<C forj=1,2,...,n (3a)
F(tg) =0 (3b)
and

O<ty<ty...<ty=T (3¢)

where C is the capacity of a bus. The fixed capac-
ity (C) can be readily replaced with Cs; where each
bus has a different capacity without affecting any
of the solution procedures.

This problem can be solved by a simple dynamic
programming (DP) procedure that uses the abovemen-
tioned necessary condition, linking the load on each
bus with its dispatch time.

The DP procedure can be formulated in several
ways for this program. For example, since the dis-
patch time of the last bus is fixed at t, = T, the
procedure can work backwards in time by using the
recursive relation:

tj =
1j(t) = MIN {01 (te1) + S PO -F)lat) forj=n-l,n-2,...1 (4)
1
where rj(tj) is the total wait time for all

passengers ‘carried by the last (n-j) buses where
these buses have been dispatched optimally. The

Figure 1. Shifted cumulative arrivals.
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stages of the system thus correspond to the bus
dispatch decisions and the states to the dispatch
times. The state dynamics are obvious in this formu-
lation as the solution to each stage is the state
variable itself. A forward recursion similar to
Equation 4 can be formulated also since F(tg) = 0.
In any event the recursive relations are subject to
the constraint set in Equation 3.

In order to execute the DP procedure, the time
line can be divided into discrete parts, say whole
minutes. Such a procedure would ignore the integer
nature of the number of passengers who use each bus
[this discrete nature of the problem is masked by
the use of the continuous approximation F(t) to the
arrival pattern]. 1In the case where the number of
patrons is small in comparison with the length of
the design period and this approximation is inaccu-
rate, the DP procedure can be formulated in terms of
loads rather than dispatch times, making the load on
the jth bus the state variable. (Alternatively, the
time state space, in the original formulation, can
be searched in a manner that would ensure the in-
teger nature of the load.) Note, however, that the
load and F(t) correspond to the average conditions
and therefore the number of passengers who use a
particular bus does not have to be an integer on the
average.

A simpler solution to the optimal dispatch prob-
lem can be obtained if the objective function is to
equalize the load factors among buses rather than to
minimize tle waiting time. In such a case the opti-
mal load on each bus is s* = (1/n) F(T) for all i,
assuming that s* < C. The schedule in this case
can be found graphically or by the simple recursion:

tiag = F 1 [F(t) - 5%] ®)

This procedure will not, however, yield the minimum
total wait. The minimum wait time schedule, in
general, will be such that buses dispatched at a
period where the slope of F(t) is high should pick
up more passengers than buses dispatched when F(t)
is relatively flat. Under the even load policy all
buses will be equally loaded and therefore the
waiting time will not, in general, be minimized.

SCHEDULING WITH MULTIPLE ORIGINS AND DESTINATIONS

The problem discussed in this section is identical
to the optimal scheduling problem, but we assume
that patrons can board and alight at any stop along
the route. Thus, let Py represent the fraction
of patrons who board at station i who alight at
station 9. Pj is assumed to be constant over
time (during the design period), and

F*iE:lPi,-:l fori=1,2,3,...m-1 (6

The problem of finding the schedule that mini-
mizes the total travel time is more complicated now
because the capacity constraint cannot be formulated
in a straightforward manner as in Equation 3a. 1In
order to formulate this constraint let Gj(t)
denote the cumulative alightings at stop i by time
t, in other words:

Gi(t)=0 (72)
G, (1) =Fy(t - At))Py2 (7b)
G3(t) = Fy (t - Aty - At3)Py3+ Fa(t - At3)Py3 (7<)
G(=Z F(t- % M) R i=2,3,...,m (7d)
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where Atj; is the bus travel time between stop
{(i-1) and i and F;(t) is the cumulative number of
arrivals at the ith stop. In many cases Gj(t) can
be obtained directly from the measurements (it is
easier to measure than P;4) and Pj3 need not be
used [Gj(t) will be used d]uectly as input to the
analysis].

Let Nj(t) represent the cumulative number of
passengers carried out of the ith station (imagine
that we look at the system only at bus departure
times). The functions Nj(t) are obtained as
follows:

Ny(t) = F3(t)
ng(t) = Nl(f- - Af——.) + Fnlt\ - Gz(t)
N3(t) = Np(t - At3) + F3(t) - G3(t)

.

Nm_l(t) = N _2(t = Atm_l) + Fm_l(t) - Gm-l(t)'
Therefore,

Nj(t) = Fy(t)
Ny (t) = Fy(t - Aty) + Fp(t) - Gp(t)

.

N, (t) [F, (£,2,510¢,) — G (£ 7 F At )1,

i
Sk 2= kh

where = 0 for k+1 > 1 and Fm(t) = Gl(t) =0.

i
z=§+l Atn, -

Since the objective function in the problem is
expressed in terms of shifted demands, let us shift
Nj (t) to the origin as well. Let Nj(t)
denote the shifted cumulative number of passengers
on link (i, i+l). It can be calculated as (see
Equation 1)

N/(H) =N, (t + kél Atk) ®)

and, substituting the last expression for WNj(t),
we get

- _ i k k
N®= 2 [Fk <l+l=21 At,) -Gk(t+l§:l Atl)]
fori=1,2,3,...m-1 ©)

The minimization problem now is
. n tj
mmw:j:z;l f,j_l [E(t) - F(tj_;)] dt (10)

subject to

Ni(t)-Ni(ti.) <C fori=1,2,...m-1;j-1,2,...,n (11a)
F(ty) =0 (11b)
O<ty<ty<...ty<T (11c)

The constraints Equation 11 parallel Equation 3 with
the capacity constraint (Equation 1la) defined by
Equation 9.

Up to this point the discussion assumed that the
origin-destination (0-D) pattern in terms of P
is constant over time. The DP formulation above can
be easily extended to handle the case where Pj4 =
lJ(l;) even though it is difficult to estimate

(t). A reasonable approximation may be differ-
eng P;i:'s for different periods, assuming a con-
stant pattern within each period.

The minimum number of bus runs needed to serve
the route (npj,), can be found by looking at the
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number of buses needed to carry passengers at the
maximum load point; i.e.,

Nin = INT max INf(®)/Clt+1 (12)

where INT[*] is the integer value of the argument
and T is the end of the design period.

The multiple O-D scheduling problem can also be
solved by using a DP procedure. In a fashion simi-
lar to the last section the recursive relations that
define the DP procedure are given by Equation 4 and
the only difference in the execution is that the
constraints (Equation 1lla) have to be checked at
every stage to ensure feasibility.

CASE WITH STOP DWELL TIMES DEPENDENT ON BOARDING
VOLUMES

This section discusses the optimal. scheduling pro-
gram under the assumption that all patrons are
destined to one point only (stop m in our scheme)
but the dependence of the dwell time on the number
of boarding passengers is taken into account. Thus
it is assumed that

Dwell time = @ - (No. of boardings) (13)

where 6 is a constant.

The problem in introducing this relation is that
the travel time between departures from consecutive
stops 1is not constant any more. Thus, one cannot
construct the shifted demand function F(t), and each
F;(t) has to be dealt with individually.

Assume that buses are dispatched at times ts, J
=1,2,...n from 0. The jth bus arrives at stop1 at
tg + At to find bl,j passengers waiting,
where

by,j = Fy(t; + At1) - Fy (g + Aty) (14)

and it is delayed for 9'bl,‘ min. At stop 2
this bus picks up b2,j passenger§, where

b2,j = Fg(tj + At + ebl,j + A(z) - F;(tj_g +At; + ®bl,j-1 & AtQ) (15)

Let t;, denote the time that the Jjth bus departs
from thé ith station. In the context of our problem
this time is given by

. i
tij =Y+ kél Oty +© k';:l bu,j (16a)

This time can be computed recursively for the jth
bus, for stops i=1,2,...m by using

tiegj = tij + Atiyy + Oy (16b)

The number of passengers who board the jth bus at
the ith station (bj, j) is given by the difference
between the cumulative boardings between the jth and
(j=1) th bus at the ith station. 1In other words,

by, = Fity,) - Fi(tij-1) amn
and the capacity constraints can be now formulated as

Ei:bLjsc forj=1,2,...,n (18)

Given the capacity constraint, the objective
functions can be formulated by using the necessary
optimality condition mentioned earlier. Since each
bus should pick up all the waiting passengers, the
total waiting time for the patrons picked up by bus
j at stop i (Wi,j) is given by

Wi = Sl IR - B (hy)] dt (19)

49

In order to facilitate the presentation of the
objective function, let us assume (without loss of
generality) that the design period is defined such
that there are no arrivals at its beginning. Accord-
ingly, let tj o define the time where Fi(ti,o)
= 0. By using these notations, the total waiting
time
n-1
for all buses at the ith stop (wi = jgowi j) and the
14
total waiting time (w = Tfiw.). In other words,
i

Ji=

m-1n=1 tjj+1
w= 2% X fi.7
i=1 j=0 ft'-l

[Fi () - F(t; ] dt (20)

Again, the problem of minimizing Expression 20
subject to the capacity constraint (Equation 18) can
be solved by using dynamic programming. The stages
in the DP procedure would correspond to the dis-
patched buses and the states to the dispatch times.
The basic (forward) DP recursion is given by

) = MIN [y (0] + 15 Sl [FOO - Fltyonl at @

A detailed numerical example of this procedure is
given by Sugiyama (1ll1), which outlines all the
computational details.

Note that the approximate procedure can be very
beneficial for this problem. The approximation con-
sists of scheduling the buses based on the require-
ment that each bus should carry the same load. If
this guideline is adopted for the problem consid-
ered here, one can follow the procedure outlined
below.

Assume that each bus

*
carries s passengers

m-1
where s = ‘i:lF.(T)/n. The total boarding time delay
i=1 i

is thus equal to es* (assuming that each bus ac-
tually stops at each stop). If we let ARj, i=
1,2,...m denote that distance between the (i-1)th
and the ith stop, the average speed of all the buses
(b) is given by

m m
v= '21 Ali/(é)s* + i}3] Ati) (22)
i =

The constant speed enables one now to shift Fj(t)
to the origin to obtain an approximate shifted
cumulative demand function F(t); i.e.,

F) =2 F (t+ s Alk/v) 23)
i=1 k=1
The solution can now be obtained* by using the
recursion tj+l = F-1[F(t.) + s8] for j =
1,2,...n-1 where t, is the time for which F(t) = 0.

Note that by measuring interstop bus travel times
as the times between departures (as done in -many
studies) the ideas in this method may be in use
implicitly.

SCHEDULING WITH MULTIPLE O-D AND BOARDING-DEPENDENT
DWELL TIMES

This section analyzes the most general case dis-
cussed thus far--that of the optimal scheduling for
a bus route with a multiple origin-destination
demand pattern, assuming that the dwell times are a
function of the number of boarding passengers.
Again, we consider a bus route where buses are
dispatched from 0 to a succession of stops i =
1,26 aMs As Dbefore, let At; denote the bus
travel time between the (i-1)th and the ith stop,
let Fj(t) denote the cumulative arrivals at stop
i, and let ti, denote the time that the jth bus
leaves the ith stop.
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The dwell time may now be a function of the
number of boarding as well as alighting passengers.
Let aj, denote the number of passengers that
alight the jth bus at the ith stop and let dj 4
denote the dwell time of the jth bus at the ita
stop. A common formula for estimating this dwell
time is

dLj = max (91 a5, (")2bi,j) +E (24)

In this expression ey < 6, 1if people pay
when boarding and 6, > e, if they pay when
alighting. E is a constant that represents the time
it takes for the bus to pull into and out of a stop
(in this paper we assume that each bus stops at all
stops and thus E is included in the definition of
At;. This assumption holds for the problem dis-
cussed in this paper as we focus on average boarding
volumes. If the average is zero for some bus stops,
they should, of course, be abolished.) The number of
alighting patrons «can be computed from the
cumulative alighting [Gj(t)] as

a5 = Gi (i) - Gy (tij-1) (252)

in parallel with Equation 17, which gives the number
of boarding passengers. The cumulative alightings
[Gij(t)] can be input directly to the analysis or

computed from the origin-destination matrix
(Pi,§)i i.e.,

i-1
Hi= Z [Fi(t,j) - Fi(tyj-1)] Py, (25b)

In order to formulate the capacity constraints
for the problem under study, note that

G =ti-1,; t At; + di,j (26)

The number of passengers on the jth bus as it de-
parts the ith station (Nj ) is given by

1
Nij=, Z (b, -ax,) @n
and the capacity constraint is given by
m .
nl@lx{Ni,,-}gc forj=1,2,...n (28)
The objective function is again formulated in
terms of minimization of the total waiting time (w)

where

H,j+1

=Y f d 29
w= 2 ZJu;  [GO-Ftldt (29
where tj 3 is defined by the recursion (Equation

26) . Note that the decision variables in this
problem (the states of the dynamic programming) are
still the dispatch times (t3). These times are
expressed implicitly in both tge constraints and the
objective function since

i i-1
qd=q+k£Aq+k3dw (30)

In the last expression dk,' can be expressed in
terms of the inputs [Fi(g) and Pij] as (see
Equations 24, 25b, and 17)

i ; = max {0 :(25: [Fi(ty,5) - Fi(ty,j- )] Pi 5 ©2 [Fie(tic ) = Fieltij-0)]f (1)

Thus ti,j can be computed recursively given the
schedule of the (j-1)th bus and the time when the
jth bus left the (i-1)th stop.

The dynamic programming formulation for this

problem is similar to the formulation discussed in
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the previous section. A numerical example under the
assumption discussed is given by Sugiyama (11), who
shows all the details of the DP procedure.

This deterministic optimization program can be
extended to include various constraints on the
minimum headway and on the time that certain buses
have to visit certain stops. The problem can also
be formulated in terms of buses and bus ‘cycles
rather than bus runs. This means that considera-
tions of layover times and equipment availability
can be factored into the programming of the solution.

It will be more difficult computationally to take
into account the possibility of express runs, zone
buses, and shortlining strategies in the optimiza-
tion, even though the formulation may not pose a
particular problem. The difficulty is that the
number of diminsions of the state space will grow
considerably under these conditions, creating a sig-
nificant computational burden on the DP procedure.

OPTIMAL SCHEDULING WITH STOCHASTIC DEMAND

This section extends some aspects of the determin-
istic formulation of the optimal scheduling problem
to include stochastic (yet time dependent) elements.
The assumption is that the input demand functions
are random variables that are distributed according
to a Poisson probability law with time-dependent
parameter [A(t)].

The total waiting time under these conditions (W)
is a random variable and it is natural to choose the
expectation of the waiting time, E[W], as the obhjec-
tive function to be minimized. This expectation can
be decomposed as follows:

E[W] = E[W|A] Pr(A) + E[W|A] - Pr[A] (32)

where A is the event that every passenger boards the
first bus that he or she sees and A is the comple-
mentary event, that some passengers are left behind
at some point., The latter event is difficult to
handle as it includes, for example, the case where
some passenger cannot board any bus and the wait
time is infinity. 1In general, however, the follow-
ing relations hold:

E[W|A] < E[W|A] (33a)
and
Pr[A] +Pr[A] =1 (33b)

Therefore, in order to minimize E[W] one can maxi-
mize Pr[A]l; i.e., maximize the probability that
every passenger boards the first bus. This objec-
tive function will not be capacity constrained as
the capacity is included in the objective function.
Let us now analyze the simple scheduling case
discussed earlier with the added assumption that the
passengers' arrival rate to the ith stop follows a
Poisson process with parameter \j(t). This rate
can be shifted to the origin stop by transforming
. " i
the time by using xi(t =k§1Atk) where Atk is the
(deterministic) bus travel time between stop (k-1)
and k. Furthermore, since arrivals at each stop are
independent, the total (shifted) passenger arrivals
can be described by a Poisson process with parameter
A(t) where

m-1 i
=2 N (t+ ) Atk) (34)

If buses are dispatched at times t3, j = 1,2,...n,
the objective function is given by ~
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Pr(A) = [{51 Atj1, ) < C] (35a)

where A(tj_l,tj) is the number of passengers who
arrive bétween t._ and ts, and t,; 1is the
beginning of the design period.” These variables are
mutually independent and, therefore,

Pr(A)= I, Pr[NGy1, 1) < C] (35b)
The distribution of the random variable
N(tj_l,tj) is Poisson and thus the objective
function can be expressed as

n ¢ tj k tj-1
IﬂM=gk%0&DLHA©m »upm A(t)dt (35¢)

Alternatively, one can maximize the logarithm of
this objective function,

n i k -
log Pr(A)= 2 log kf:o /k!) [ f,;’_ . )\(t)d(] ~exp[ f‘? ! )\(t)dt] (36)

This objective function can be maximized by using a
DP procedure with the recursive relations:

C tj k
50D =MAX {50 (21) +1og, 5, (D) [ ], 20t

Xexp[ft?-lx(t)dt]f j=n-1,n-2,...1 3D

where t, = T. The possible dispatch instances
(t:) can be constrained by minimum and maximum
headway policies to narrow the state space. Computa-
tional speed can be enhanced by using an efficient
approximation for the integral.

An alternative solution method can be constructed
by differentiating log Pr (A) in Equation 36 with
respect to tj, which results in the set equations:

£, am) {5 a0a] - [ AL, aa] " f =0
j=1,2,...n-1 e

This set of n-1 simultaneous equations in n-1 un-
knowns can be solved by Newton's method or any other
algorithm for solving a set of simultaneous egqua-
tions.

In parallel with the extension of the simple
scheduling problem, one can extend the simple stoc-
hastic case discussed here to include a multiple O-D
flow pattern and dwell times that depend on the
number of boarding and alighting patrons. The
extension to multiple O-D pairs is straightforward,
by using the ideas expressed earlier in this paper.
The other extension is somewhat more complicated
analytically because some of the independence prop-
erties used in the simple problems are lost.
Sugiyama (11) formulates some of these problems and
suggests some solution algorithms.

Use of a more sophisticated stochastic formula-
tion may not be very interesting because a solution
to the problem when all inputs are both stochastic
and time dependent does not seem feasible. The
deterministic approach, however, may provide some
good schedules that may actually be applied and
modified, when necessary, by real time controls that
are designed to contend with the randomness of
transit operations.

CONCLUSION

This paper dealt with optimal scheduling of bus runs
on a route. The inputs to the analysis include the
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passenger arrival rate as a function of time at each
step, the run times between the stops, bus capacity,
the O-D trip pattern (or the alighting rate at each
stop), and some (estimated) parameters related to
the relations between the dwell time and the number
of boarding and alighting patrons. Once the problem
is formulated, the optimal schedule can be found by
using a dynamic programming procedure.

In its basic formulation, the solution is subject
‘? simple capacity constraints only, but many other
constraints such as service standards and nonuniform
bus capacities can be incorporated easily within
this framework. Further extensions were suggested.

The last section looked at some of the issues
associated with modeling the arrival process as a
stochastic phenomenon. Here the formulation takes
on a somewhat different form as, rather than mini-
mizing the total waiting time, the objective is to
maximize the probability that each patron boards the
first bus. The stochastic case is more difficult to
generalize and it is concluded that deterministic
methods may be the most suitable for the optimal
scheduling problem.

The suggested procedures can be applied re-
peatedly to a given route so that a planner may
trace a trade-off curve between number of buses and
total passenger waiting time. Over a reasonable
range of frequencies the demand for bus transport
can be assumed to be inelastic to the waiting time
or crowding. The abovementioned trade-off curve can
thus be used for policy analysis and the setting of
service standards.

In closure, we should add that the collection of
detailed demand data as required by this method is
an expensive and time-consuming task. Recent ad-
vances in automatic vehicle monitoring systems,
however, overcome this problem. Many of these
systems provide continuous information on loads and
travel times that can be input to an optimization
procedure.
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