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Trip Distribution Using Composite Impedance 

WILLIAM G. ALLEN, JR. 

In this paper the theory and results of a trip-distribution model that uses a 
multimodal composite definition of impedance as its measure of separation, 
instead of highway time, are presented. The distribution model is part of a 
complete travel-demand model chain developed for the New Orleans region. 
This model chain is briefly described, and its special features of income strati· 
fication and connectivity among programs are emphasized. The disutility 
functions of a three-mode logit modal-choice model are used to develop 
modal impedance values. The structure and coefficients of these equations are 
discussed. Two alternative methods for combining these modal impedances 
are presented: harmonic mean and log sum. A special technique for cali· 
brating the F factor curves was developed to circumvent shortcomings in the 
urban transportation planning system (UTPS) software. The results of the 
calibration are presented. These results indicated that the log sum formula 
produced better results than the harmonic mean formula, based on various 
observed and estimated comparisons. In addition, the log sum composite im· 
pedance-based model proved suitable only for home-based work trips. Un· 
satisfactory results for the other trip purposes led to the use of off-peak 
highway time for those purposes. Results for home-based other and non
home-based models are also presented. The conclusions of this analysis are 
that a distribution model can be successfully calibrated by using composite 
impedance; that, at least in this case, the log sum formula worked better than 
harmonic mean; and that a successful alternative to the standard AGM gravity 
model calibration process can be developed. 

The theory and results of a trip-distribution model 
that uses a composite definition of impedance as its 
measure of separation, instead of highway time, are 
presented in this paper. The premise that such a 
model is inherently logically superior to a gravity 
model based on highway time is accepted as a given. 
This superiority involves a composite impedance
based model that is sensitive to the characteristics 
of all modes and provides for improved connectivity 
between the distribution and modal-choice models. 
This should, in theory, produce more reasonable es
timates of trip distribution. The distribution 
model is part of a complete travel-demand model 
chain developed for the New Orleans region. Previ
ous work is reviewed herei the accompanying legit 
modal-choice models are describedi and alternative 
methods of combining impedances, a different tech
nique for calibrating gravity models, and the final 
results are presented. 

PRIOR RESEARCH 

The use of composite impedance in distribution 
models is not new. For example, an early reference 
to a generalized resistance formulation for the 
gravity model is a 1973 paper by Manheim <!.> based 
on his earlier work (2). Wilson (3) also describes 
a composite generaliz;d cost function. Much of the 
recent work in this field has focused on the joint 
choice type of model. By combining destination 
choice and modal choice (and often trip frequency) 
into a single model (generally by using a legit 
structure), this type of model effectively incorpo
rates the impedances of all modes and the socioeco
nomic status of the traveler into the trip-distribu
tion process. There are numerous references to and 
examples of this model type in the literature (4,5), 
with perhaps the best known of these being the-Met
ropolitan Transportation Commission (MTC) model set 
(.§_). 

However, the New Orleans model chain uses the 
traditional sequential application of models, and 
there appears to be but one previous attempt at us
ing composite impedance in this context. In 1975 a 
similar set of models was developed for the Regional 
Transportation District in Denver (7). That study 
used modal-choice legit coefficients to define im-

pedance. Alternative methods of combining imped
ances were reviewed, and a parallel resistance 
(harmonic mean) formulation was selected. 

Basically, the New Orleans distribution models 
are a direct extension of the Denver work. The 
major changes are that separate models are developed 
for each income level and the log sum method of com
bining impedances was used. The log sum method, 
which is simply the natural logarithm of the denomi
nator of the modal-choice legit equation, was also 
used in the San Francisco MTC models (.§_) • 

MODEL CHAIN 

The distribution model can best be described by 
placing it in the setting of the entire travel model 
chain (see paper by Schultz elsewhere in this Rec
ord). The New Orleans model chain consists of the 
traditional generation, distribution, and modal
choice models. What distinguishes these models is 
that they are entirely income stratified and highly 
connected with each other. The generation models 
use an elaborate cross-classification structure, in
cluding the capability of estimating trip produc
tions and attractions for each of four income levels 
(quartiles). The modal-choice models consist of a 
three-mode legit structure, which contains bias 
variables based on income level. 

One of the criticisms of the traditional type of 
travel-demand models is that the models are applied 
sequentially, independent of each other. It is gen
erally recognized that actual travel decisions are 
seldom made in this fashion. Rather, decisions on 
frequency, destination, mode, and route tend to be 
interrelated. The use of composite impedance is an 
attempt to address this concern. The modal-choice 
and distribution models are tied together because 
the coefficients of the logit models are used to 
define the composite impedance value. Therefore, 
the distribution of trips is sensitive to both high
way and transit service levels, travel cost as well 
as time, and the income level of the traveler. The 
high level of transit service in New Orleans makes 
this multimodal definition of impedance· especially 
meaningful. This multimodal sensitivity is also es
sential to one of the goals of this model chain: to 
be able to respond more accurately to the existence 
of transit guideways, high-occupancy vehicle (HOV) 
facilities, and a wide range of transportation pol
icy variables. 

The results of the model calibration indicated 
that the composite impedance formulation was suit
able only for the work trip purpose. For the home
based other and non-home-based trip models, compos
ite impedance could not successfully be used, and 
thus highway time was used. For the work model, the 
log sum method of combining impedance gave better 
results than the harmonic mean formulation. Fi
nally, all three models were calibrated to a high 
degree of accuracy, with K factors used sparingly 
and only for trips crossing major geographic bar
riers. 

MODAL-CHOICE DISUTII,ITY FUNCTIONS 

As previously mentioned, a three-mode legit modal
choice model was calibrated for each trip purpose 
(_!!) • These models are defined in terms of their 
disutility equations for each mode, as given in 
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residual of 70 after 6 iterations, and a residual of 
15 after 15 iterations. 

4. The three multiplicative versions of the 
model always resulted in similar trip tables, which 
tended to be slightly different than that of the 
LINKOD algorithm. 

5. Adding the A weighting (Equation 8, model 
3) increased the convergence speed only slightly. 

CLOSENESS OF FINAL TRIP TABLE TO TARGET TRIP TABLE 

The data in Table 3 give the value of t for the 
final and target trip tables for the different algo
rithms and target trip tables. Figure 3 shows the 
ratios of t for LINKOD (model :\.) and the square 
root version of the IT algorithm (model 4). 

1. All the algorithms succeed in producing final 
trip tables that are close to the target tables. 
Different target trip tables result in completely 
different final trip tables that, nevertheless, are 
similar in their ability to reproduce the observed 
flows. 

2. The different multiplicative algorithms re
sult in final trip tables whose distances from the 
target trip tables are similar. This is particularly 
significant. relative to the algorithm with the A 
weighting (model 3) 1 its divergence from the basic 
form of the IT model (Equation 1) does not appear to 
harm its performance. 

3. In most cases the multiplicative algorithms 
result in final trip tables that are slightly closer 
to the target trip table compared to LINKOD. This 
can be seen clearly in Figure 3. 

4. In cases where the algorithms show conver
gence difficulties (Table 2f), the final trip table 
is not the feasible solution closest to the target. 
To confirm this point, a systematic search for the 
closest solution was made by using linear combina
tions of the eight basic solutions. The best trip 
table had t "' 0. 274 compared with t = 0. 553 for 
the final trip table of the algorithm. In all cases 
without convergence difficulties, only slight dif
ferences between the two t's were found. 

CONCLUSIONS 

In this paper the two major models for estimating 
trip tables based on traffic counts that have been 
verified in full-scale applications are compared. 
The analysis concentrates on all-or-nothing assign
ment problems. It is shown that the two models are 
similar, both in the structure of their algorithms 
and in their performance. LINKOD uses additive 
terms for the table correction steps, whereas the IT 
models use multiplicative terms. The different 
versions of the IT model produce similar results. 
They tend to produce final trip tables that are 
slightly closer to the target tables when compared 
with LINKOD. 

The target trip table is shown to have major 
effects on all aspects of the solution. It dictates 
the structure of the final trip table and the speed 
of convergence. In any application of the model, 
the selection of a target trip table should be made 
with care. 

The standard IT algorithm (model 2) failed to 
converge in one case. It should be used with care. 
All the other algorithms performed satisfactorily in 
all cases. 

A significant result is the successful perfor
mance of model 3--multiplicative corrections with A 
weighting (Equation 8) • The A weighting step is 
an essential element in any equilibrium assignment 
algorithm1 the success of the model that includes 
this step gives a strong indication that it can 
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perform successfully under equilibrium assignment 
assumptions. Development work in this direction is 
under way. 
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small enough to permit complete analytical solu
tions. Out of the 15 cells in the trip table, 4 are 
always zero because of the structure of the network. 
The 10 volume counts provide 8 independent equa
tions. Those equations, when combined with non
negativity constraints on the cells of the trip 
table, can be solved with eight different basic trip 
tables, each with eight positive cells, which sat
isfy the observed flows. The data in Table 2b mark 
the cells that can be zero. The data in Table 2c 
are an example of a basic solution. Every scaled 
linear combination of the eight basic tables also 
satisfies the observed flows. 

There exist a number of measures for the distance 
between two matrices. These measures are described 
by Willis and May (13). For the present project, 
the following distance measure was selected: 

(18) 

where F is the target trip table and Tn is the 
final trip table. This measure is a normalized 
equivalent to the distance measure used in develop
ing the IT model. 

The extent to which the final trip table approxi
mates the observed flows was measured by two vari
ables: the LINKOD objective function and the sum of 
absolute volume errors, i.e., 

VOLER = ~. lv0 -v~ I (19) 

For the main body of the experiments, a number of 
different target trip tables were specified, and a 
set number of iterations (5 or 15) were run by using 
the different models. The statistics of the dif
ferent runs were used for model evaluation. The 
major results are shown in Figures 2 and 3 and are 
given in Table 3. 

Figure 2. Convergence 1peed for the different algorithms. 
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CONVERGENCE CHARACTERISTICS 

The data in Table 3 give the values of the various 
error measures that use different target trip ta
bles. Residual errors after each iteration for two 
sample tables are shown in Figure 2. The main con
clusions are as follows. 

1. At least in one case (target table as speci
fied in the data in Table 2d), the simple IT algo
r.ithlll (number 2) failed to converge. The other 
three algorithms always converged. 

2. The LINKOD algorithm tends to improve the 
solution more than the IT algorithms during the 
first one or two iterations. However, the multipli
cative algorithms tend to be more efficient when the 
errors are small. In general, after five or more 
iterations, all the algorithms show similar residual 
errors. 

3. The speed of convergence depends strongly on 
the target trip table. It is interesting to note 
that all of the algorithms display convergence dif
ficulties exactly for the same target trip tables. 
The data is Tables 2e and f give the two target 
tables whose convergence patterns are shown in Fig
ure 21 these patterns display that behavior. Al
though the data in Table 2e give a residual of about 
4 after 6 iterations, the data in Table 2f give a 

Figure 3. Distance ratios for LINKOD and IT models. 
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Table 3. Summary of performance measures by trip table and algorithm. 

Residual Error (VOLER8
) Distance from Target (<l>b) 

I~ I~ 
Target IT (square IT (square 
Table LINKOD with root) LINKOD with root) 

I 25 22 28 0.159 0.157 0.158 
2 29 28 31 0.154 0.138 0.138 
3 20 15 15 0.289 0.284 0.284 
4 60 56 56 0.426 0.410 0.415 
5 13 4 5 0.300 0.292 0.292 
6 26 17 26 0.363 0.371 0.356 
7 16 8 10 0.476 0.488 0.481 
8 4 4 4 0.131 0.131 0.131 
9 12 4 13 0.553 0.555 0.557 

IO 70 66 65 0.467 0.446 0.452 
II 9 8 7 0.195 0.195 0.195 

Note: The table presents values of the performance measures after five iterations. 
8 VO,L.[R is tltr: sum of absolute Jink volume errors, VOLER =:Elva -V~I. 
b¢t is dci flne d H described in Equation 1 S. 

cBy using enalyticel techniques, solutions with ~of 0.130 and 0.268 were found for 
target trip tables 8 and 9, respectively. 
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Another difference between the two algorithms is 
the need for the A weighting (step 8) • In the 
LINKOD model the table Tc is a correctinq trip 
table that points to the direction of the needed 
cor.rection in any iteration. Therefore, the A 
weighting is an essential part of the algorithm. In 
the IT algorithm ~ is a corrected trip table1 
thus the A weighting is not a necessary part of 
the algorithm1 it might even be harmful. 

Note that in the IT algorithm, without A weight
ing (x from Equation 1) is 

Figure 1. Test network. 

Table 1. Test network attributes. 

Node A Node B c. ba v. 

4 8 6.9 O.Q3 130 
5 8 9.2 0.04 130 
6 5 31.0 0.05 20 
6 7 19.6 0.04 290 
7 I 8.0 0.05 60 
7 8 13.9 0.03 230 
8 2 13.5 0.05 170 
8 3 12.0 0.03 200 
8 4 11.4 0.06 90 
8 5 6.5 0.05 30 

Table 2. Tait trip tablas. 

a. A solution (an example) b. Structure of a solution 

1 2 3 4 5 1 2 3 4 

3 0 60 40 0 30 - 0 0 -
4 0 30 60 40 0 - 0 0 0 
5 60 80 100 50 20 x 0 0 0 

60 170 200 90 

5 

x 
-
x 

50 

115 

(16) 

where y~,m is the value of y from E~uation 13 
at the mth iteration. However, if A weighting is 
used, then the solution trip table CT"l cannot be 
expressed in terms of Equation 1. Thus it is doubt
ful whether the solution with the A weighting is 
the best solution, as specified by the IT criteria. 
In the pure IT model, A in Equation 8 is always 1. 

EXPERIMENTATION 

The algorithm as described in the previous section 
was progranuned, and a set of experiments with the 
two models and some other variations were performed. 
The experiments were designed to · answer the follow
ing questions. 

1. How do the various algorithms perform in 
terms of speed of convergence to a trip table that 
approximates the observed flows? Are there cases 
where the algorithms fail to converge? 

2. How do the various algorithms perform in 
terms of finding a solution that is close to the 
target trip table? 

The experimentation started with three models: 
(a) LINKOD, (b) IT with A • 1, and (c) IT with 
optimal A (step 8 of the algorithm). After a few 
experiments, it was found that in certain circum
stances the standard IT model overcorrects the trip 
table and fails to converge. A fourth version of 
the model was added, where Equation 13 was replaced 
by Equation 4: 

(17) 

and A = 1. 

The experiments use the network shown in Figure 
1, with the link attributes given in Table 1. The 
data in Table 2a give an example of a trip table 
that satisfies the observed flows. The problem is 

130 
130 
310 

570 

No1e: - me:.ns: U mun be 1ero, {J nla1Jns It 
can be zero, and x means It must be positive. 

d. A target that cannot converge with 
c. A basic solution (an example) algorithm 2 

I 2 3 4 5 I 2 3 4 5 

3 0 0 100 0 30 3 0 52 52 0 52 
4 0 0 40 90 0 4 0 52 52 52 0 
5 60 170 60 0 20 5 52 52 52 52 52 

e. A quickly converging target f. A slowly converging target 

I 2 3 4 5 1 2 3 4 5 

3 0 60 50 0 40 3 0 0 50 0 40 
4 0 40 so 40 0 4 0 0 90 80 0 
5 50 70 90 60 50 5 80 60 70 0 30 
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factors used in that run were then keypunched into a 
file that could be ueed by Statietical Package for 
the Social Sciences (SPSS) programs (16). 

3. The SPSS subprogram REGRESSION was then ueed 
to obtain a least equarea fit for the coefficients 
A, B, and G (after suitable transformation of the 
variables). 

4. New P' factors were calculated by using the 
new coefficients, and program AGM wae reapplied. 
The observed and estimated trip lengths were then 
compared, and if the result& were inadequate, stepe 
2-4 were performed again. 

The reaults were judged by a visual inspection of 
the impedance diatribution and by comparing the av
erage valuee for composite impedance and trip 
length. By ueing thie technique, a satisfactory set 
of P' factors could be obtained in between six and 
nine iterations. 

RESULTS 

The results of the impedance calculations are given 
in Table 4. The composite impedance values differ 
markedly by income level and are biased in the 
proper direction. That is, the lower-income levels 
are associated with higher impedance . Thia reflects 
the fact that lower-income persons tend to have 
lower mobility (for example, they are leas likely to 
own automobiles). The composite values also indi
cate a larger spread than the time values, which may 
suggest more specific relationships between com
posite impedance and P' factors. These statistics 
indicate that the composite impedance formulation 
behaves mathematically. Thia increases the confi
dence with which it can be used in gravity model de
velopment. 

Teble 4. Summary of observed impedance values. 

Purpose and Income Average Lowest Highest Standard 
Level" Valueb Value0 Value0 Deviation 

Home-based work trips 
1 62.189 44 Ill 9.908 
2 56.338 38 98 8.695 
3 47.171 29 84 8.596 
4 38.063 21 77 8.670 

Home-based other trips 
1 7.579 43 4.942 
2 7.965 39 5.334 
3 8 .214 44 6.118 
4 7.692 44 5.679 

Non-home-based trips 
1 7.720 36 5.263 
2 7.671 43 5 .451 
2 7.710 39 5.392 
4 7.520 39 5.130 . . 
Income level II divided as follows : 1 =low, l • low-middle, 3 =high-middle, ind 4 :::: 
hl1h. 

bTho v1lue1 ror home·b11od work rep·ruenl 101 1um compollte impedance. AU 0Uu1r 
volu11 reproacnl hl1hw.t time. All hl1hway tlme1 uood ware off-paok hlghwoy tlmaa 
without terminal time. 

cHlahHt and loweat valuoa that contain obaerved trips. 

The results of calibrating the home-baeed work 
111odel with both sets of composite impedance func
tion& are given in Tables 5-7. Theee comparisons 
indicate that the log sum results are superior to 
those obtained with the harmonic mean formula. The 
basic philosophy of these comparisons was that, if 
the model could be calibrated by using one type of 
impedance and could be shown to properly replicate 
the me11ns of a different (but related) type of im
pedance, the calibration would be considered suc
c essful. The log sum formulation eetimatee average 
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Table 5, Comparison of two c:omp111i111 impedance formulas: highway running 
tima(min). 

Harmonic Mean Log Sum 

Income Es ti- Percent Es ti- Percent 
Group" Observed mated Error Observed mated Error 

1 10.17 10.67 4.92 10.17 10.82 6.39 
2 10.18 11.02 8.25 10.18 10.59 4.03 
3 10.87 11.59 6.62 10.87 10.97 0.92 
4 11.16 11.87 6.36 11.16 11.26 0.90 

All income 10.68 11.39 6.65 10.68 10.94 2.43 
groups 

Note : Theae value1 repre1ent the home-baaed work purpose gravity model runs, without 
K ractora. 
8 Jncome groups are divided es followa : l =low, 2 = low-middle, 3 =high-middle, and 

4 =high. 

Tabla 6. Comparison of two c:ompo1i111 impedance formulu: highway 
distance (mile). 

Harmonic Mean Log Sum 

Income Es ti- Percent Es ti- Percent 
Group8 Observed mated Error Observed mated Error 

1 4.29 4.53 5.59 4.29 4.64 8.16 
2 4.29 4.70 9.56 4.29 4.52 5.36 
3 4.72 5.15 9.11 4.72 4.80 1.69 
4 4.91 5.29 7.74 4.91 4.96 1.02 

All income 4.61 4.99 8.24 4.61 4.75 3.04 
groups 

Note : Theae values represent the home-baaed work purpose gravity model run11, without 
K facton. 
8Incomo groups ere divided as follows : 1 =low, 2 "" low-middle, 3 =high-middle, end 

4 = hlsh. ' 

Tabla 7. Compari1on of two composite Impedance formulu: number of 
intrazonal trips. 

Harmonic Mean Log Sum 

Income Es ti· Percent Esti- Percent 
Group• Observed mated Error Observed mated Error 

I 936 882 - 5.77 936 857 -8.44 
2 2,202 1,854 -15 .80 2,202 2,396 8.81 
3 2,895 2,471 -14.65 2,895 3,437 18.72 
4 3,113 2,374 - 23.74 3,113 2,866 -7.93 

All income 9,146 7,581 -17 .11 9,146 9,556 4.48 
groups 

Note : Thote valuea repreaent the home-based work purpose gravity model run5, without 
K factor1. 
8Jnc;:ome groups are divided 81 follows : l = low, 2 = low-middle, 3 = high-middle, and 
4 = high. 

highway travel time and distance considerably better 
than did the harmonic mean formulation, except for 
the lowest income quartile. When intrazonal tripe 
are compared, the log sum approach is superior for 
total trip estimation, but slightly inferior for the 
low and high-middle income quartiles. In comparing 
major trip patterns, such ae tripe across the Mis
sissippi River, the harmonic mean model overesti
mated the observed data by 69 percent, whereas the 
log sum model overestimated by only 44 percent (be
fore R factors were applied, in both cases) • In 
addition, a comparison was made of the number of 
district interchanges (there are 20 districts) for 
which the difference between observed and estimated 
trips was greater than 100 trips and the percentage 
difference was greater than 15 percent. The har
monic mean model had 68 such district interchanges, 
whereas the log sum model had 56. 
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Based on thi s analysis , the log sum formulation 
was chosen to complete the calibration of the dis
tribution model. Because the log sum formula worked 
well for home-based work trips, this method was used 
for home-based other and non-home-based trips as 
well. An F factor equation for home-based other 
trips was calibrated, and the model was applied for 
a validation check. However, in this case, in com
paring observed and estimated trips with respect to 
highway time and distance, the estimated trips 
showed a much higher trip length. The estimated 
trips were considerably less than the observed trips 
in the 1-, 2-, and 3-min time range and considerably 
higher in the 4-, 5-, and 6-min time range. At 
times greater than approximately 7 min, the two dis~ 
tr ibutions were similar. Considerable thought was 
given to correct this imbalance in distribution, but 
no methodology appeared to offer any reasonable 
chance of successful calibration. Because of these 
results, the home-based other distribution model was 
calibrated by using off-peak highway travel time 
rather than composite impedance. 

Similar results were obtained for the non-home
based model calibration, leading to the same solu
tions use of off-peak highway time instead of com
posite impedance. Off-peak highway time was also 
used for the remaining models (taxi, internal
external, and truck). 

There is speculation that the lack of success in 
using composite impedance in the nonwork models is 
related to the nature of nonwork trips compared with 
work trips. Work trips are methodical and repeti
tive, and the commuter may actually have more knowl
edge than the nonwork traveler about his modal op
tions and their associated impedances. Nonwork 
trips are less structured, and perhaps less thought 
is given to alternative modes for such trips. That 
is, cost considerations and the availability of 
transit service may not strongly affect nonwork des
tination choice. 

The calibrated P factor equations for all trip 
purposes are given in Table 8, with the P factors 
being defined by the three coefficients of the gamma 
distribution. ·All coefficients are statistically 
significant, and the correlation coefficient (R'), 
which compares the required F with the calculated F, 
was greater than 0.90. The regression program equa
tions have been adjusted, where necessary, to ensure 
that the highest F value is not more than 999, 999, 
in order for the data to be acceptable to AGM. 

Table 8. F factor equation1. 

Equation Coefficient Valuesb 
Purpose and Income 
Group• A B G 

Home-based work trips 
1 4,296,752 0 -0.09300397 
2 EXP (26.82271) -3.153498 -0.0836755 
3 EXP (34.10976) -6.800698 -0.024841 
4 EXP (28.39026) -4.819197 -0.041024 

Home-based other trips 
1 1,064,302 -1.055559 -0.1054066 
2 1,070,772 -1.292004 -0.09307232 
3 647,077 - 1.8388 36 -0.03701391 
4 1,033,560 -1.838298 -0.05231526 

Non-home-based trips 
1 663,504 -0.6655663 -0.1231575 
2 869,114 - 0.9009789 - 0.112517 1 
3 267,378 -0.9540237 -0.1127642 
4 371,881 - 0.7850539 -0.138105 

8 lnoomo group1 iaro divided·~ fotlo\vs: 1 i::: low, '2 a low·mlddle, 3 ~h.igb-mfdd.lo, i:rnd 
4" 111ah . 

bf" faio tors ate ~ahn111111u1d by u1lns 1h.o equst(ou: F(ll = A•i 6 • EXP(G• I) : whera J l1 1he 
compoJho lmpad11 ncc for work t1ip:1 and hlg;hw;iiy i mo tor Che other rfJp purpo.1.u. 
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The primary reason for calibrating the distribu
tion models by income quartile was the hypothesis 
that tripmakers in different income levels would 
react differently to the impedance measure. Al
though the gamma function coefficients are different 
for the four income levels, it is hard to ascertain 
the true difference because the F factors are rela
tive, and the mean composite impedance values are 
different by income level. To test the hypothesis 
that the F factors are truly different by income 
level, a set of normalized F factors were calculated 
by using the mean composite impedance values and the 
standard deviations from the mean. Normalized F 
factors were developed by adjusting the constant 
term (the A coefficient in the gamma equation) so 
that the F factor would (arbitrarily) equal 100,000 
at a composite impedance value, which was 2.5 stan
dard deviations less than the mean value, This com
parison is shown in Figure l. In essence, the com
parison shows that F factors for the lower incomes 
are less sensitive to the impedance values. It 
would not appear reasonable, though, to use this 
comparison to draw the conclusion that poorer people 
1 ike to travel more than richer people. Perhaps a 
better explanation is that the lower-income traveler 
has fewer destinations to choose from, thereby re
ducing the impact of travel impedance on travel be
havior, at least on distribution. 

Most calibration reports on distribution models 
give the observed and estimated trips stratified by 
highway travel time. For distribution models cali
brated by using highway time, these comparisons nor-

Flguro 1. Homo·ba11d work normalized factors plotted againlt standard 
dovlation units of composite Impedance. 
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mally indicate a qreat deal of agreement between the 
observed and estlmated trips, which is only reason
able because the P factors are direcUy related to 
highway time. Because the spatial measure used in 
this model was composite impedance, o f which highway 
travel time was only one component, a comparison of 
the observed and estimated trips measured against 
highway travel time would be a useful validation 
test, as mentioned previously. These comparisons 
are shown graphically in Figures 2-6. As can be 
seen from the data in these figures, the estimated 
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trips agree with the observed trips ext.remely well. 
The compari.sons by income level are similar to nor
mal gravity model trip-distribution compa.risons. 
When the trips for all incomes are com.bined (Figure 
6), the observed trip pattern is much smoother and 
the estimated trips compare extremely well with the 
observed trips. 

After calibrating the F factors, the next step in 
the calibration procedure was to ascertain the trip 
movements that were inadequately simulated a nd that 
had specific attributes that would be identifiable 

Figure 2. Comparlton of trip di1tribution1 for low Income 
home-bused work trips. 
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Figure 3. Comperi1on of trip distributions for low-medium 
income home-besad work trips. 
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Figure 4. Comparison of t rip distributions for high-medium 
income home·based work t rlpt . 

Figure 5. Comparison of trip distributions for high income 
home·based work trips. 

~ 
a: .... 
"' a: 
0 
:!: 
z 
0 

"' a: 
w .. 
0 
w 
"' < ., 
w 
:;; 
0 

" 

~ 
cc .... 
"' a: 
0 
:!: 
z 
0 

"' a: 
~ 

" w 

"' < 
"' w 
:;; 
0 

" 

9,000 

8,000 

7,000 

6,000 

5,000 

4,000 

3,000 

2,000 

1,000 

9,000 

8,000 

7,000 

6,000 

5,000 

4,000 

3,000 

2,000 

1,000 

I 

I 
' ' I 

I 

' ' I 

' 

I 

I 
I 

' I 

' ' I 

Transportation Research Record 944 

I 
I 
' 

ESTIMATED 
TRIPS 

5 10 15 20 25 
PEAK HOUR HIGHWAY TRAVEL TIME !MINUTES) 

' I 
I 
1 

5 10 15 20 25 
PEAK HOUR HIGHWAY TRAVEL TIME !MINUTES) 

30 

30 35 



Transportation Research Record 944 

Figure 8. Comparison of trip di1tributipn1 for all homa·basad 
work trips. 

IC 
iiC .... 
"' a; 
0 
;= 
z 
0 
"' a; 

II:' 
c 
w 
"' <( 
Ill 
w 
:Ii 
0 :z: 

35,000 

30,000 

25,000 

20,000 

15,000 

10,000 

5,000 

in the future. The two moat important movements 
meeting these criteria were the water crossings, 
specifically the trip movements across the Missis
sippi River and the Navigational Canal. As can be 
seen from the data in Tables 5-7, even the log sum 
approach overestimated these trip movements for work 
trips. River crossings are traditionally difficult 
to estimate because there is a psychological factor 
associ:ated with crossing this type of barrier. The 
calibration method to estimate the K values was to 
sununarize the observed and estimated trips crossing 
the barrier and calculate the K value as a ratio of 
these two values. Because the K value appears both 
in the numerator and the denominator of the distri
bution formula, this formulation does not estimate a 
correct K 'factor in one iteration. Several itera
tions were required to develop K factors that pro
duced adequate results. The final K factors are 
given in Table 9. 

Tabla 9. Final K facton. 

K Factors 

Pu.rpo•e and Income Across Across 
Group• Mississippi River Navigational Canal 

Home-based work 
I 0.496 0.798 
2 0.463 0.962 
3 0.703 0.896 
4 0.660 0.895 

Home-based other 
I 0.197 0.972 
2 o.18ii 0.897 
3 0.241 0.899 
4 0.241 1.000 

Non-home-based 
I 0.365 0.702 
2 0.316 0.860 
3 0.368 0.818 
4 0.351 0.805 

Note: For tripe that crosa both waterways, the Misalsslppi K'a are used. 
81ncome groupa are dtvlded as follows: 1 =low, 2 =low-middle, 3 =high-middle, and 

4 =high. 
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Once the F factors and K values were calibrated, 
the full distribution model was applied by using 
AGM. The resulting trip table was then compared 
with the observed trip table by using several 
tests. The results of these tests for the work trip 
purpose are given in Tables 10-12, A primary check 
on the distribution model was to ascertain if the 
estimated trips had the same distribution as the ob
served trips when the impedance measure was highway 
time or highway distance or both. For the work trip 
model, this comparison was excellent. Total esti
mated work trips had an average highway travel time 
and highway distance that differed from observed 
trips by less than 0.2 percent. When the average 
travel time was compared by income level, the re
sults were slightly less accurate but well within 
normal limits of acceptability. The number of in
trazonal trips was also compared, and the results 
were favorable. Three screen-line checks were 
made: trips across the Mississippi River, trips 
across the Navigational Canal, and trips between 
Orleans Parish and Jefferson Parish. The model 
overestimated the latter by 1. 44 percent, and most 
of this error was in the lowest income quartile. 

The home-based other and non-home-based results 
are given in Table 13. The average travel time and 
distance for observed and estimated trips were sim
ilar. The model tended to underestimate intrazonal 
trips, but estimated travel across both major water
ways (the Mississippi River and the Navigational 
Canal) extremely well. However, the movements be
tween Orleans Parish and Jefferson Parish were over
estimated. 

The income-related sensitivity of the home-based 
other models to travel time is similar to that of 
the work models in that low-income travelers are 
less sensitive than high-income travelers, as shown 
in Figure 7. However, this sensitivity is less pro
nounced than for work trips. 

Similar models were calibrated for internal
external person trips, taxi vehicle trips, internal
external truck trips, and internal-internal truck 
trips. They are discussed in the more detailed re
port on distribution models for New Orleans (15). 
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Tabla 10. Final calibratlon results of homa·ba1ad work gravity model: avera119 impedance. 

Highway Running Time Highway Distance Composite Impedance 

Percentage Percentage Percentage 
Income Group8 Observed Estimated Error Observed Estimated Error Observed Estimated Error 

I 10.17 10.56 3 .83 4.29 4.49 4.66 62 .19 62.18 -0.02 
2 10.18 10.31 1.28 4.29 4.35 1.40 56.34 56.14 -0.35 
3 10.87 10.77 -0.92 4.72 4.68 -0.85 47 .17 46.85 -0.68 
4 11.16 11.04 -1.08 4.91 4.84 -1.43 38.06 37.85 -0.55 

All income groups 10.68 10.70 0.19 4.61 4.62 0.22 48 .94 48.73 -0.43 

8 1ncome groups are divided es follows: 1 :: low, 2 =low-middle, 3 = high-mlddle, and 4 = high. 

Table 11. Final calibration results of home-based 
vuork gravity model: number of intrazonal trips. 

Income 
Group8 

I 
2 
3 
4 

All income 
groups 

Observed 

936 
2,202 
2,895 
3,113 

9,146 

Percentage 
Estimated Error 

884 -5.5 6 
2,438 10.72 
3,477 20.10 
2,906 -6.65 

9,705 6.11 

lntrazonal Trips as a Percentage 
of Total Trips 

Total Trips Observed Estimated 

61,994 1.51 1.43 
105,327 2.09 2.31 
120,191 2.41 2 .89 
127,533 2.44 2.28 

415,045 2.20 2.34 

8Income groups are divided as follows: 1 =low, 2 =low-middle, 3 =high-middle, and 4 =high. 

Table 12. Final calibration results of home-based work gravity model: major 
movement comparison. 

Observed Estimated Percentage 
Movement Trips Trips Error 

Across Mississippi River 25,269 26,639 5.42 
Across Navigational Canal 38,770 39,985 3 .13 
Between Orleans and 71,143 72,164 1.44 

Jefferson Parishes 

SUMMARY 

A complete set of distribution models was calibrated 
for the New Orleans region. The original intent of 
this calibration was to prepare a set of distr ibu
tion models stratified by income level and using a 
combined impedance measure that would adequately re
flect the travel time and cost of all models. This 
design proved to be feasible for home-based work 
trips, thus producing an excellent trip-distribution 
model. The log sum method of combining impedances 
yielded better results than the harmonic mean method. 

For home-based other and non-home-based trips, 
the use of a combined impedance measure produced a 
model that overestimated long trips. For this rea
son, these models were calibrated by using off-peak 
highway times. For the home-based work and home
based other distribution models, the income strati-

fication produced F fact o r s that were substantially 
different by income l evel, but were log i cal , in that 
the higher income strata were more sensitive to 
travel impedance. The F factors for the non-home
based model showed only minor differences among in
come strata. In all cases the F factors were cali
brated by using the function described in the 
documentation of program AGM and by using standard 
statistical regression techniques. A set of K 
values was required for all models for trip move
ments across the Mississippi River and the waviga
tional Canal. The final screen-line checks were 
quite accurate, with the exception of the home-based 
other trip movements between Orleans and Jefferson 
parishes. 

With respect to model validation, the results of 
applying the models to 1980 conditions proved quite 
s a tisfying. As reported by Schultz (see paper else
where in this Record) , the changes between 1960 and 
1980 in New Orleans have been substantial. Nonethe
less, the 1980 estimates of vehicle miles of travel 
were within 5 percent of the observed data, which 
indicate that the distribution (and modal-choice) 
models performed adequately. 
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Tabla 13. Final calibration results of home-based other and non-home-based gravity models. 

Home-Based Other Non-Home Based 

Percentage Percentage 
Measure Observed Estimated Error Observed Estimated Error 

Highway running time (min) 7.891 7.864 -0.34 7.630 7.642 0.16 
Highway distance (mile) 3.186 3.225 1.22 3.089 3.118 0 .94 
No. of intrazonal trips 90,632 72,593 -19.90 17,827 17,817 -0.06 
Major movements 

Across Mississippi River 14,941 15,022 0.54 5,520 5,575 1.00 
Across Navigational Canal 39,288 39,515 0.58 7,746 7,825 1.02 
Between Orleans and Jefferson Parishes 56,631 68,044 20.15 21,512 23,678 10.07 
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Figure 7. Hom1·blled 
other normellzed F 100.000 

facton plotted 1Pinst 
highway travel time. 

50,000 

10,000 

5,000 

1,000 

Vl 
a: 
0 .... 
u 
:! 500 ... 
c 
w 
N 
:J 
<( 
:E 
a: 

200 0 
z 

) MEDIUM LOW 
INCOME 

LOW INCOME 

10 15 20 25 JO 

HIGHWAY TIME IMINUTlSI 

UMTA, u.s. Department of Transportation. I would 
like to thank Dennis D. Striz of the RPC and Foster 
de la Houssaye of the Office of Transit Administra
tion, City of New Orleans, for their assistance, 
comments, and support in the completion of the work 
reported herein. 

REFERENCES 

l. M.L. Manheim. Practical Implications of Some 
Fundamental Properties of Travel-Demand 
Models. HRB, Highway Research Record 422, 
1973, pp. 21-38. 

2. M.L. Manheim. Fundamental Properties of Sys-

127 

tema of' Demand Models. Department of Civil En
gineering, Massachusetts Institute of Tech
nology, Cambridge, 1970. 

3. A.G. Wilson. Travel-Demand Forecasting: 
Achievements and Problems. In Urban Travel De
mand, HRB, Special Rept. 143;-i.973, pp. 283-306. 

4. D.A. Hensher and P.R. Stopher, eds. Behavioral 
Travel Modelling. Croom Helm, London, England, 
1979. 

5, T. Domencich and D. McFadden. Urban Travel De
mand: A Behavioral Analysis. North-Rolland, 
Amsterdam, 1975. 

6. Cambridge Systematics, Inc. Travel Model De
velopment Project. Metropolitan Transportation 
Conunission, San Francisco, 1977 . 

7. System Management Contractor, SMC Multi-Modal 
Patronage Model. Regional Transportation Dis
trict, Denver, 1975. 

8. Barton-Aschman Associates, Inc. Development 
and Calibration of the New Orleans Mode Choice 
Models. Regional Planning Commission, New 
Orleans, 1981. 

9. 

10. 

11. 

R.H. Pratt and Associates, and DTM, Inc. De
velopment and Calibration of Mode Choice Models 
for the TWin Cities Area. TWin Cities Metro
politan Council, Minneapolis-st. Paul, 1976. 
Barton-Aschman Associates, Inc. (under subcon
tract with Parsons, Brinckerhoff Quade, and 
Douglas in Seattle). Development and Calibra
tion of the Mode Choice Models. Municipality 
of Metropolitan Seattle, Seattle, 1979. 
Barton-Aschman Associates, Inc., and Texas 
Transportation Institute. Development and Cal
ibration of Travel Demand Models for the 
Houston-Galveston Area. Metropolitan Transit 
Authority, Houston, 1979. 

12. Barton-Aschman Associates, Inc. Calibration of 
the st. Louis Mode Choice Models. East-West 
Gateway coordinating Council and the Bi-State 
Development Agency, St. Louis, 1982. 

13. Barton-Aschman Associates, Inc. (under subcon
tract to ATEC, s.A., in Buenos Aires). Anali
sis de Alternatives para la Ampliacion de la 
Red de Subterraneos de la Ciudad. Municipality 
of Buenos Aires, Buenos Aires, Argentina, 1981. 

14. Urban Transportation Planning System. UMTA and 
FHWA, 1972. 

15. Barton-Aschman Associates, Inc. Development 
and Calibration of the New Orleans Distribution 
Models. Regional Planning Commission, New 
Orleans, 1981. 

16. N.R. Nie et al. SPSS: Statistical Package for 
the Social Sciences, 2nd ed. McGraw-Rill, New 
Yor·k, 1975. 

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




