
1 

PRE-PRINT  
for "Mathematical Methods on Optimization in Transportation Systems" – 

Kluwer Academic Publisher 

 
EFFECTS OF DATA ACCURACY IN AGGREGATE 
TRAVEL DEMAND MODELS CALIBRATION WITH 
TRAFFIC COUNTS 
 

Michele Ottomanelli 
Dept. of Highways and Transportation - Polytechnic of Bari (Italy - EU) 

tel: +39 080 5963380, fax: +39 080 5963329 
m.ottomanelli@poliba.it 

 

Abstract  

This paper concerns with aggregate calibration of urban travel demand model parameters from traffic counts. A bi-
level sequential Non-linear Generalised Least Square Estimator (NGLS) has been proposed to calibrate a travel 
demand model. The first aim was to find out the effects of the required input data accuracy assumptions on the model 
calibration. The second aim was to show the possibility to improve model link flows estimation performance even if 
the starting demand model was properly calibrated by using expensive disaggregate data. An experimental analysis 
was carried out on a real middle-sized town: the model was calibrated and validated under different “a priori” 
assumptions on data accuracy level of the starting data. The employed data were a traffic counts set and a maximum 
likelihood starting estimate of the travel demand model parameters.  
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Introduction 

In urban transportation planning activities it is often necessary to determine the link traffic 
flows on the road network. The reliability of the link flows estimate depends on the reliability of 
the Origin-Destination travel demand matrix (O-D matrix) estimate, as well as the supply and 
traffic assignment models.  

The O-D matrices in a given area could be estimated by using two different methodological 
approaches: the direct estimation method or the mathematical models estimation (indirect 
estimation). In both approaches very expensive surveys must be conducted in order to collect 
the necessary input data. Sometimes (e.g. in small urban areas, or when few resources are 
available), the great cost of the survey might compel the practitioner to conduct travel demand 
estimation using the resources and the poor available information by applying “very pragmatic” 
methods, which lack in theoretical consistence. 

In recent years researchers have made many efforts in order to propose effective 
methodologies which provide “better and better” travel demand estimates by using information 
cheap, easy and immediate to collect.  
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Both mathematical consistency and practitioners’ needs can be satisfied with several 
methodologies which suitably employ, as input data, the aggregate information contained in 
traffic counts (TC) measured on a set of network links.  

In this direction, great attention has been given to methodologies which use TC for updating 
and/or correcting O-D matrices. These methodologies, following different approaches, can also 
use together with TC other available information (Van Zuylen et al, 1980; Cascetta, 1984; 
Maher, 1983; Yang et al, 1992; Bell, 1983; Cascetta et. al, 1986;1997). 

On the contrary, few works concerning the calibration of travel demand models (TDM) have 
been proposed in literature even if this approach provides, at the same cost (at least), a 
mathematical tool for both the O-D matrix estimation and its variations forecasting, with respect 
to socio-economic and transport system attributes changes (Tamin et al., 1989; Willumsen, 
1981; Cascetta, 1986; Cascetta and Russo,1997). In fact, economical, practical and theoretical 
advantages could be reached at the same time by using the TC-information to calibrate 
aggregate TDM. 

In particular, from the economical point of view, TC information use results doubly 
convenient. Actually, we find “direct” convenience related both to the easy survey organising 
and to the cheap data-collecting (especially with automatic counters). We obtain also a 
“derived” economic convenience represented by the economic benefit deriving from the re-use 
of existing data, such as outdated surveys, outdated demand estimate, outdated  models etc. 

Moreover, these methodologies have a lot of practical purposes: 
– Aggregate transportation demand model calibration; 
– Combined O-D matrix and transportation demand model parameters estimation; 
– Transportation demand model parameters updating or adjustment; 
– Transportation demand models transferability (spatial and temporal) . 

These aims could be achieved under different theoretical approaches and assumptions that 
depend on the nature of the available information too. Consequently, it is possible to consider 
more estimators of a model parameters vector.  

For a detailed discussion on the theoretical framework of these methodologies see Cascetta 
(1986; 1998) and Cascetta & Russo (1997).  

Even if they are referred to simplified models or to small test networks, the few but good 
results showed in literature about the application of these methodologies have been the starting 
point for this research.   

This paper shows some results of a current research and it deals with the robustness and the 
statistical performances of Non-linear Generalized Least Square (NGLS) estimator for the 
calibration of a system of urban travel demand model using TC. The available input data are: a 
starting estimate of model parameters vector β^ and a set of traffic counts (TC) fobs.  

The application of the NGLS estimator needs an “a priori” assumption about the “quality” 
(accuracy) of the starting data (β^ and TC).  

This subjective assumption could considerably influence model calibration and therefore the 
link flows estimate.  

Aim of this paper is to put in evidence, through an experimental analysis on a real size 
network, the following elements: 
– the influence of different data accuracy assumption on the demand and on the link flows 

estimation; 
– the possibility, under correct assumptions, to improve the model forecasting capability, even 

if the starting model parameters have been obtained through a Maximum-Likelihood (ML) 
calibration based on data collected through expensive and time consuming disaggregate 
surveys. 
In the following section the theoretical background of the aggregate parameter estimation 

problem will be shortly described, followed by the problem formulation, the proposed 
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experimental analysis methodology and the results. The paper ends with the conclusion and 
further researches .  

1. THEORETICAL BACKGROUND OF THE ESTIMATION 
PROBLEM 

A Travel Demand Model can be used to simulate, within a fixed study area, the average 
number of trips and their main characteristics, such as: 
– the period h 
– the purpose of the trip s; 
– the origin o and the destination d of the trips; 
– the mode used m; 
– the path k, consisting of a sequence of links belonging to the network 

The opportunity of moving the other characteristics of the trips depends on the user's choice. 
The user's decisions making can be modelled on the basis of the random utility theory (Ben 
Akiva & Lerman, 1987).  

According to this theory, it is possible to predict the probability that user  chooses one of the 
available alternative j on the basis of the following assumptions: 
– each user i (or class of users) examines all the available alternatives j (e.g. destination, mode, 

etc) belonging to his/her choice set Ii; 
– user associates to each alternative j a perceived utility Uj; 
– the utility  Uj is a random variable, specified as follows 

Uj(SE, T) = Vj(SE, T) + ξj with E[ξj]=0 and E[Uj]=Vj ∀j∈Ii 

it consists of a deterministic (measurable) component Vj and a random error term ξj due to 
several causes (missing attributes, perception errors, etc.). The vectors SE and T are 
constituted by socio-economic and level of service variables (attributes) that  are 
representative of user, land use and transportation system; 

– users chooses the alternative with maximum utility. 
Further to the stated assumptions the probability pi(j) that a user i chooses the alternative j is 

given by the probability that the perceived utility Uj is the higher then the utility of any other 
alternatives.  

This can be formalised in the following probability choice function: 

pi(j) = Pr[ξk −ξj ≥ Vj − Vk  ∀j∈Ii] ∀i, k 

Thus, the choice probability depends on both the specification of the deterministic 
(systematic) utility Vj and the distribution of the random residual ξj.  

Usually the systematic utility is specified as a linear model of the attributes by means of a 
parameters vector: 

Vj(SE, T, β) = Σk βk Xk = β1 X1 + β2 X2 + ....  ∀j∈Ii 

Once both systematic utility and random residual distribution are specified, it is possible to 
determine the functional form of the choice function pi(j). For example, if we assume each of 
the random residuals independently and identically Gumbel variates, then the choice probability 
is given by the widely known Multinomial Logit model: 
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p(j) = exp(Vj) / Σj’ exp(Vj’)  ∀j∈Ii 

A system of travel demand models is constituted by many sub-model and allows to forecast 
many choice dimension, such as trip generation, trip distribution, modal split, path choice and so 
on. 

After that the functional form of systematic utility and distribution of random terms have 
been defined then model has been specified and it is necessary to calibrate it. Thus, it is 
necessary to define an estimator of the parameters βk of the variables. The functional form of the 
parameter estimator depend on many elements, such as the sampling technique, the available 
data, the statistical approach, and so forth. 

 
 To specify a travel demand model parameter estimator it is necessary to determine the 

relationships between the vector β of the  unknown parameters and the available sources of 
information: a starting estimate β^ of the vector β and a set  f obs of TC.  

The travel demand model (TDM) could be defined as the functional link between these 
elements. Indeed, a TDM is a mathematical function which gives, through the vector of 
parameters β, the Origin-Destination travel demand vector d for the given urban transportation 
system.  

Thus, it can be formalized as follows (Cascetta, 1998):  

d = d(SE, T, β) (1)  

where SE and T are respectively the given sets of socio-economic and transport system 
attributes, representing the land use and the level of service of the supply transportation system. 
For a fixed urban system the previous relationship could be written as: 

d = d(β) 

In this case d is only a function of the parameters vector. 
In the appendix typical partial-share system of demand model has been described.  

1.1 RELATIONSHIP BETWEEN THE UNKNOWN PARAMETERS 
AND THE STARTING ESTIMATE  

Let β^ be a starting estimate of the “true” unknown vector β, consisting of Nβ components βi. 
Hence, assuming the vector β^ as the determination of a random variable and the i-th parameter 
βi

^ , it can be written as follows: 

β^
i = βi + σi       (with i=1,2,...,Nβ) (2)  

where σi  is the random error in the estimation, assumed to be a random variable distributed with 
zero mean and variance-covariance matrix Z.  
In practical application matrix Z is assumed to be diagonal.  
The evaluation and the meaning of the variances of the random terms β^ depend on the 
statistical approach to the problem and on the origin of the starting estimate. Further discussion 
will follow. 
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1.2 RELATIONSHIP BETWEEN THE UNKNOWN PARAMETERS 
AND THE TRAFFIC COUNTS 

The second source of information is a set of traffic counts. Traffic counts constitute an 
aggregate and experimental information to this problem. 

The vector of traffic counts fobs contains traffic flows observed (measured) on a set of links 
of all modal networks (car, transit, pedestrian etc.).  

Let d be the vector of the “true” travel demand in a given urban area.  Because of the errors 
due to traffic assignment model and therefore to the assignment matrix estimation M^, the “true” 
traffic link flow vector f is different from the fsim link flows vector estimated through assignment 
model. If εass is the random error, in the flows estimate (assignment error) we assume: 

f = fsim + εass = M^d + εass (3) 

where fl
sim is the l-th component of the simulated link flows vector fsim which is given by: 

fl 
sim =Σod ml,od dod  

where: 
– ml,od is the generic element of the assignment matrix M^ and it represents the fraction of O-D 

flow dod contributing to link flow fl  
– dod is the O-D travel demand flow between the origin o and the destination d. 

In addition, even if d has been estimated through a properly specified and calibrated system 
of models, the travel demand vector d(β) differs from the “true” one: the error is measured with 
the random term εmod.  

Under this assumption, the above discussion can be formalised as follows: 

d = d(β)+εmod (4) 

The above formulation summarises and highlights that even if we introduce in the TDM the 
“true” vector of the parameters, the model gives only the mean value of the random variable 
O/D-vector.  

Owing to errors that occur during the counting operation, errors due to the time variability of 
the travel demand and in the users’ path choice, the traffic counts are different from the “true” 
link flows. This difference can be assumed as a random error εmis and the vector of traffic counts 
can be considered as a random variable with mean value equal to the vector of the “true” link 
traffic flows. It can be summarized as follows: 

fobs= f + εmis  (5) 

Consequently, from the stochastic relations (4), (3) and (5) we obtain the stochastic relation 
between the traffic counts vector and the TDM parameters:  

fobs= M^ d(β) + ε (6) 

where the term ε summarizes all the considered random errors discussed above. It will be 
distributed with mean E[ε]=0 and variance-covariance matrix E[ε εT]=W. 
  An experimental formula proposed by Cascetta, Nuzzolo and Velardi (1986) could be 
employed to evaluate the variance of the error term ε.  
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This formula is referred to road networks assignment and it gives the coefficient of variation 
value of the assignment error ε on each car network link: 

Cv = 0.9 exp(−0.0011 fl
obs) (7) 

where fl
obs is the observed traffic volume on the l-th link of the network.  

2. GENERAL FORMULATION OF THE ESTIMATION PROBLEM  

The equations (2) and (6) constituted system of stochastic equations that can be used to specify 
different kinds of estimators of the model parameters vector β. Hence, in general, the 
transportation demand model calibration problem (TDMC) using traffic counts can be 
formulated as an operational research problem whose solution β* is an estimator of the 
parameters vector.  

In fact, β* could be defined as the vector that minimises the “distance” between the 
unknown vector β and its starting estimate β^ together with the “distance” of the vector fsim of 
the traffic link flows, obtained by assigning the travel demand vector d(β) to the network, from 
the vector of the traffic counts f obs.  

In its general form the TDMC problem can be formulated as follows: 

β* = argmin Z(β) =argmin [z1(β, β^) + z2( f sim, fobs)] (8) 

subjected to  β∈Sβ 

 
where Sβ represents the set of the feasible solutions for β and it can be constituted by a set of 
analytical and/or informal constraints to the problem (8) (e.g. Value of Time constrain, 
congruence in the sign of the parameters etc.).  
The “distances” to minimise in the (8) are measured by the functions z1 and z2. The formal 
specification of these functions depends on the statistical approach to the problem, in particular 
on the assumptions made for the probability distribution of random errors σi and εl and on the 
statistical meaning that the analyst gives to the available information. 

3. A CLASSIFICATION OF MODEL PARAMETERS ESTIMATORS 
FROM TRAFFIC COUNTS 

This section propose, two different classifications of the estimators that use TC for TDM 
calibration in order to give a concise overview on the problem and for better placing this work 
in the general framework. 

The first classification of the estimators has been based on the available data. The second 
one depends on the assumption made on the origin of the available data and on the statistical 
assumption of the random error terms.  

3.1 THE ESTIMATORS FORMULATION AND THE AVAILABLE 
DATA 

In general, the available data could have different origins. Actually, it is possible to have and 
use aggregate information (cordon counting, screen-line counting, O-D demand flows counting, 
ect.) and/or disaggregate information (e.g. data collected with SP and/or RP sampling surveys).  
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Thus, it is possible to have the following kinds of estimators: 
a) Aggregate Estimators (by using only aggregate data)  
b) Mixed Estimators (by using both aggregate and disaggregate data) 

Within the aggregate estimator category we can specify estimators for  model parameters 
calibration only or for both the parameters and the O-D demand matrix estimation. Therefore 
we have the following two sub-categories of estimators: 
 
a1. Direct estimators (for aggregate model parameters calibration only) 

β* = argmin [z2 (M^ d(β), f ^ )]  

a2. Combined estimators (for O-D matrix and model parameters estimation) 

β*, d* = argmin [z1(d, d^)+ z2( β, β^) + z3 (M^(β)d, f^)] 

subject to β∈Sβ and d∈Sd 

where: 
– β  are the parameters of the path choice model 
– Sd is the set of the feasible solutions for d 
– d^  is the observed vector of O-D travel demand (target) 
 

Similarly, the category of mixed estimators can be divided in two sub-sets: the simultaneous 
and the sequential estimators. This distinction depends on the way of mixing the aggregate 
information with the disaggregate ones. In the simultaneous sub-category two sources of 
information are used at the same time and we have only one optimisation problem to solve.  

A general formulation of mixed-simultaneous estimator can be written as follows: 
 

b1. Mixed-Simultaneous estimation  

β* = argmax{Σi ln pi[j( i )](β) + z2[M^ d(β ), f^ ]} 

where the first term is a Maximum-Likelihood (ML) estimator in which  pi[j(i)] is the 
probability (assumed to be statistically independent) that the user (individual) i, belonging to the 
observed sample, chooses the transportation alternative j(i) of his/her choice set. The 
information on the choices j derives from sampling disaggregate surveys and the specification 
of the probability depends on the choice model to calibrate.  

The proposed estimation method combines both disaggregate and aggregate data, but the 
parameters calibration is carried out by using the information on two separate levels.  

In the first level the disaggregate data are used to calibrate the model through an ML 
estimator. In the second one the available TC are used to correct and/or improve with, cheap 
aggregate data, the previous parameters estimate. The method could be considered as a 
parameter estimator and itself be defined as mixed-sequential estimator. 
 
b2. Mixed-Sequential estimation (bi-level) 

 
1st level)  disaggregate estimation  

βML = argmax ln L(β) = argmax {Σi ln pi[j( i )](β)} (9) 

2nd level) aggregate estimation (by using traffic counts) 
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β* = argmin[z1(β^ , β) + z2(M^ d(β), f^)] 

where β^= βML (obtained by solving the 1st level problem) and where both the optimisation 
problems are subject to β∈Sβ. 

 

3.2 THE ESTIMATORS AND THE STATISTICAL APPROACH 

As above mentioned, the mathematical formulation of z1 and z2 depends on the following 
elements:  
a) assumption on the nature (origin) of the starting information sources (experimental, non-

experimental, aggregate, disaggregate); 
b) assumptions on the probability distribution of the random error terms ε and σ  . 

On the basis of these assumptions it is possible to specify three classes of estimators β* for 
the vector of the parameters, that are: 
– Maximum-Likelihood Estimators (ML); 
– Generalized Least Square Estimators (GLS); 
– Bayesian Estimators (B) 

The reader can find in literature a deeper theoretical discussion on these categories of 
estimators. In particular, in Cascetta & Nguyen (1986), with reference to O-D matrix estimation, 
the specifications of the function z2 that depends on the distributional assumption of the random 
residuals ε, are described. Besides, Cascetta & Russo (1997) paid more attention to the 
functional form of the z1 distance and to the general formulation of the TDMC problem. 

With respect to the estimation of O-D matrix using TC, a lot of works proposed in literature 
(Cascetta, 1984; Cascetta and Nguyen, 1986; Di Gangi, 1989; Ortùzar and Willumsen, 1994) 
showed that the GLS estimators class could be the most suitable and robust for real-size 
applications. 

Conversely, very few works have been proposed in literature which consider the TDMC 
problem with applications to real size networks (Cascetta and Russo, 1997) and/or they concern 
with calibration of simplified demand models (Tamin et al, 1989). However, these works 
showed the potential robustness properties of the GLS estimators class to solve the TDMC 
problem too.  

4. NON-LINEAR GENERALISED LEAST SQUARE ESTIMATOR 
AND THE ACCURACY OF DATA 

In this paper, a Non-Linear Generalised Least Square Estimators (NGLS) has been proposed 
to estimate the unknown vector β of a TDM coefficients. In particular, this specification has 
been proposed for the second level problem, while an ML estimator has been used in the first 
one. 

Keeping the same nomenclature used in the previous sections, an NGLS estimate β*=βNGLS 
of the vector β can be obtained by solving the following problem: 

β*= βNGLS=argmin{[(β-βˆ)Z-1(β-βˆ)]+[(fobs-Mˆd(β))W-1(fobs- Mˆd(β))]} 

subject to β∈Sβ 

 
Even if no distributional assumptions on random residuals are needed, GLS estimation requires 
the evaluation of the covariance matrices Z and W.  
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By assuming these matrices as diagonal , it is possible to have a simplified form of the NGLS 
estimator. Even though theoretically questionable, this assumption is frequently used for 
practical applications. In fact, from the practical point of view, it leads to a great reduction of 
the computational effort with negligible improvements in the estimation results. Under this 
assumption, the NGLS estimator can be formulated in the following form that meets both 
practical and theoretical needs: 

]
)(var
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Obviously, the observed link flows should be uncorrelated or negatively correlated and 
should have the lowest variance as possible. This means that the selected counting section must 
be located on links with high traffic volume and along a screen-line. 

On the contrary of other kinds of estimators, NGLS estimator have at least two advantages. 
First, as mentioned above, it needs no explicit distributional assumption about the stochastic 
elements (5) and (6). The second advantage is the possibility to state explicitly the accuracy of 
each data by means of the values of the variances var(σi) and var(εi) contemplated in problem 
(10). 

The variance of the link flow error can be evaluated by computing the coefficient of 
variation by means of the experimental formula (7). 

The method to evaluate the variance var(σi) depends both on the statistical approach and on 
the meaning and origin of the starting estimate of β: 
a) it could be determined analytically if β^ were previously estimated through an ML estimator,  

as in (9); 
b) it could be assumed “a priori” from the analyst, if the starting estimate were assumed as an 

exogenous non-experimental information (i.e. outdated estimate, transferred parameters 
etc.). 
In the first case, it is possible  to determine an approximate expression of dispersion matrix 

Z of the ML estimator (9). For large sample, the elements of Z can be evaluated by means of the 
negative inverse of the Hessian of the log-likelihood function, computed at point βML(Judge et 
al., 1985). 

The second case is the most recurrent in practical applications. When very few resources and 
data are available to estimate the travel demand in a certain area, practitioners try to specify and 
calibrate some kinds of models starting from the available data, such as model parameters that 
are outdated or that have been transferred from other “similar” areas. In this approach the 
starting estimate of the parameters must  be considered as a “a priori” non experimental 
information source. Consequently, the variance var(σi) of each terms βi represents the analyst’s 
confidence in the available starting estimate or the expected “quality” level of it. 

In this context, transportation engineers convey that TC are suitable, robust and cheap 
experimental information to use for correcting the starting available data; in fact, sometimes TC
 are used as deterministic constraint to adjust O-D matrices with GLS-estimators.  

This means that the analyst assumes a great accuracy for the TC (low variance value of εl). 
In this paper we have pointed out the effects of these subjective “a priori” assumptions on 

data accuracy (or quality) on the demand models calibration by using the NGLS estimator (10).  
In order to isolate the effects of the assumption on TC accuracy, a high “quality” (low 

variance) starting estimate β^ of parameters vector has been required. Thus, the starting vector 
β^ has been obtained by the specification and  calibration of the considered system of models 
with a Maximum-Likelihood estimator based on data collected by means of disaggregate 
sampling surveys (road side interview, house hold interviews)  (ELASIS, 1993; Cascetta et. al.; 
1993).  
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4.1 STATEMENT OF THE EXPERIMENTAL ANALYSIS 

In order to investigate on the effects of different data accuracy assumptions on the demand 
model forecasting performance, an experimental analysis has been carried out.  

The parameters vector of the considered system of travel demand models (see appendix) 
have been estimated for a great number of starting data accuracy assumptions. Then, each 
calibrated models has been validated with respect to the link flows estimation performance. 

Owing to hypothesis of exogenous origin of the starting information, in the problem (10), the 
“a priori” accuracy assumptions are represented by the variance of the stochastic items (2) and 
(6).  

Let the random terms, σ and ε, be distributed with zero mean:    

E[σi]=E[εl]=0  with i=1,2,...,Nβ and l=1,2,...,NC 

where NC are the traffic counts used in the (10) to estimate the Nβ parameters of the model. 
Since the variance of a random variable can be evaluate as function of the coefficent of variation 
Cv, the variance of the random terms in the (2) and (6) can be written as: 

var[σi]=(CvB x E[β^
i])2 (11) 

var[εl]= (CvF x E[fl
obs])2 (12) 

where CvB and CvF are, respectively, the coefficients of variation of the starting estimate β^ 
and TC. 

The CvF could be calculated as function of the coefficient of variation by means of the 
experimental formula (7).   

Following the proposed approach an accuracy assumption on the available data has been 
defined through the couple (CvB, CvF): each one represents the analyst’s “a priori” level of 
confidence to the data used in the estimation of β.  

As result of the problem (10), an estimate β* of the model parameters vector has been 
obtained for each accuracy assumption. The influence of the accuracy assumption on the 
parameters estimation can be formalised writing the estimate as function of the couple (CvB, 
CvF):  

β* = βNGLS(CvB, CvF) (13) 

Consequently, the travel demand vector d* depends on the accuracy assumption too, as it 
has been estimated as function of the parameters vector (13) through the calibrated model: 

d = d(CvB, CvF) = d[SE, T, βNGLS( CvB, CvF)] (14) 

By means of a Stochastic User Equilibrium (SUE) model each travel demand vector (14) has 
been assigned to the network. Thus, for each accuracy assumption the vector of estimated link 
traffic flow fsim has been attained: 

f sim = f sim (CvB, CvF) = M^ d [SE, T, βNGLS(CvB, CvF)]  (15) 
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In order to evaluate the statistical performance of the estimator (10) the link traffic flow 
vector fin

sim relative to the network assignment of the starting demand vector d(SE, T, β^) has 
been estimated too. Therefore, we have the starting link flows vector:  

fin
sim = M^ d(SE, T, β^) (16) 

Each calibrated model has been validated by comparing the estimated link traffic flows and 
the starting link flows vector with the observed link flows set. To reach this aim some statistics 
and indicators have been evaluated.  

5. EFFECTS OF DATA ACCURACY: MODELS VALIDATION 

For each accuracy assumption (CvB, CvF) the calibrated demand model has been validated 
to find out the effects of the accuracy assumption on its forecasting performance. The simulated 
car-network link flow vectors have been compared to two sets of observed link flows. The first 
observed flows set (hold-out-sample) is constituted by traffic counts that are not used for the 
model calibration. The second one is constituted by the all available TC, that are the old-out-
sample and the traffic counts used for calibrating the model.  

Let NV be the number of the observed link flow. For each model calibration the statistical 
performances of the estimator (10) have been evaluated by means of the following statistics:  

Mean Square Error 

MSE[f sim(CvF, CvB), f obs] = [Σl(fl
obs − fl

sim)2 / NV]  

Root Mean Square Error 

RMSE[fsim(CvF, CvB), f obs] = {(MSE)1/2 / [(Σl (fl 
obs ) /NV]} 

Mean Absolute  Error 

MAE[fsim(CvF, CvB), f obs] = Σl|(fl
 obs − fl

sim)| / NV 

Relative Mean Absolute Error 

RMAE[fsim(CvF, CvB), f obs]=[Σl|( fl
 obs − fl

sim)|/ fl
 obs] / NV 

In addition, proportional reduction of the statistics have been evaluated with respect to their 
starting values: 

 
∆MSE% = {MSE(fin ,f obs)–MSE[fsim(CvF, CvB), f obs]}/MSE(fin , f obs) 
 
∆RMSE%={RMSE(fin ,fobs)–RMSE[fsim(CvF,CvB), fobs]}/RMSE(fin ,fobs)  
 
∆MAE% ={MAE(fin ,f obs)–MAE[fsim(CvF, CvB), f obs]}/MAE(fin ,fobs) 
 
∆RMAE%={RMAE(fin,fobs)–RMAE[fsim(CvF,CvB),fobs]}/RMAE(fin,fobs) 
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where fin is the starting estimate of the link flows vector and fobs the vector of the observed link 
flows. 

Morover, the total link flow and the average link flow have been evaluated with respect to 
the observed network links to measure the performance in total demand level estimation. 

6. THE NUMERICAL PROCEDURE  

A large number of accuracy assumptions have been considered: the coefficients of variation 
values CvF and CvB have been varied into the range [0.01 - 0.4] and [0.01 – 0.6] respectively, 
with steps 0.01 and 0.1. 

To evaluate the CvF the experimental formula (7) has been also used: it  gives the values of 
the CvF for each item of the calibration TC set. 

The observed link flows used in the validation procedure (hold-out sample) have been drawn 
at random from the available traffic counts set. The other TC have been used as input data in the 
problem (10). The sets of traffic counts employed both for calibrating and validating the 
demand models have been described in Tab. 1.  
 
Tab. 1 – Available Traffic Count sets 

 Car Network link Transit Network link 
Calibration TC 42 159 
Validation TC (old-out-sample) 10  

 
 A computer program based on a projected gradient algorithm has been developed to solve 

the problem (10) and implement the analysis. For each couple (CvB, CvF), the outputs of the 
developed program are the vector of the estimated model parameters and the estimated modal 
(car and transit) O-D matrices. The input data considered are: a vector of parameters β^, the 
vector of traffic counts fobs, the vectors of socio-economic and level-of-service attributes and the 
assignment matrix M^. Link traffic flows estimation has been attained by the module T-Road of 
the commercial MT-Model package. It is based on a SUE-Probit assignment model. The 
developed program has been implemented on a PC with Pentium/133Mhz CPU with RAM 
32Mbyte and needed an average time of 270sec to run.  

6.1 APPLICATION TO A REAL SIZE NETWORK 

The numerical procedure has been implemented on a real size network and with real data. 
The network is referred to the town of Salerno, middle-size town of Southern Italy with roughly 
150.000 inhabitants.  

The considered area has been divided into 53 traffic zone and modelled by means of 53 
internal-centroids. The relationship with the outside areas has been represented through 9 
external-centroids. The starting value of total estimated demand flow was about 23.000 vehicles 
(morning peak hour).  

The network characteristics has been described in the Tab. 2 and Tab. 3.  
 
Tab. 2 – Area zoning 
 total external internal 
centroids 62 9 53 

 
Tab. 2 – Network characteristics  
 nodes links 
  total traffic counts 
Road Network 555 1134 52 
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Transit Network   563 2131 199 
 
To each accuracy assumption, the estimator (10) has been applied and the correspondent 

travel demand vector d has been estimated by the model (14). The transportation demand 
system in the area has been simulated through a system of mathematical models based on the 
random utility theory (see appendix). It is constituted by three sub-models: trips emission, trips 
distribution and modal split sub-models.  

Model calibration needed the estimation of 45 parameters belonging to the unknown vector 
β for each data accuracy assumption.  

Each estimated demand vector has been assigned to estimate the link traffic flows.  

6.2 ANALYSIS RESULTS 

To put in evidence the effects of TC accuracy assumptions on the calibration, a high accurate 
starting parameters vector has been considered (Cascetta et al., 1993). Intuitively, as the starting 
parameters vector is quite accurate, if congruent assumptions have been made on the TC 
accuracy level then no great variation in the total demand flow estimation and negligible 
variation in Value-of-Time (VoT) have to be expected. This means that the starting estimate 
β^=βML must have low values of CvB. On the contrary wrong assumptions on the (CvF, CvB) 
would show biased estimate both in values of the parameters and demand estimate. In fact, this 
analysis shows that reliable assumptions for the accuracy of β^ is CvB=0.01÷0.02. Moreover, 
for every value of CvF, biased estimate of total flow demand has been obtained by assuming 
low confidence in the starting β^ (CvB greater than 0.1).  

Keeping CvB in the correct range, it is possible to investigate the TC accuracy assumption 
effects.  

Two main effects originated by the “a priori” assumptions have been found out.  
With respect to the right value of CvF, the overestimation of confidence level in TC (i.e. 

CvF low value) leads up to 50% of under-estimation error in the total demand flow and 
considerable variation in the VoT.  

Actually, assuming high values for accuracy level of TC, means to assume a wrong 
deterministic constraints to the problem (8), while it is originally stochastic.  

For fixed values of CvB, lower errors in the total demand flow estimation have been 
obtained when the confidence level in TC information is underestimated. The expected small 
variations of VoT have resulted from CvF greater than 0.1. These results can be explained 
considering that random error ε in the (10), summarises all errors related to traffic flows 
measurement, demand and assignment modelling and not only to traffic counts.  

Same results and considerations can be found out in the work by Di Gangi (1989) but with 
respect to O-D matrix estimation problem in which the effects of the assignment errors are 
stronger. 

Improvements in link flows estimation have been obtained by assuming correct values of the 
data accuracy (0.3≤CvF≤0.4 and 0.01≤CvB≤0.02). The results of the model validation with 
respect to the hold-out-sample have been reported in Tab.4.  
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Tab. 4 – Car-Network link flows estimation statistical performance (hold-out-sample)  
 

 CvF 0.3 0.3 0.4 0.4 (exper.) (exper.) 
 CvB 0.01 0.02 0.01 0.02 0.01 0.02 

Statistics 
Starting 
values 

 
best 

    

MAE total flow 447 333 103 376 210 436 355 
∆MAE% total flow  25.50 76.96 15.88 53.02 2.46 20.58 
MAE 170.70 168.10 169.90 169.20 168.60 168.00 164.30 
∆MAE%  1.52 0.47 0.88 1.23 1.58 3.75 
RMAE 0.24 0.24 0.23 0.23 0.24 0.23 0.23 
∆RMAE%  1.33 1.73 2.68 1.32 2.73 4.17 
MSE (x10-3) 50.37 48.13 45.40 50.01 46.41 53.12 50.52 
∆MSE%  4.46 9.87 0.55 7.86 -5.45 -0.31 
RMSE 0.271 0.26 0.26 0.27 0.26 0.28 0.27 
∆RMSE%  2.26 5.06 0.27 4.01 -2.69 -0.15 

 
The same statistics have been computed by using both the hold-out-sample and all the 

available traffic counts (Tab. 5).  
With respect to the starting values, it has been possible to improve all the computed 

statistics. In particular, the MSE statistics of the hold-out-sample have been improved up to 10% 
(Tab. 4). Small negative values of ∆MSE% and ∆RMSE% have been calculated assuming CvF 
values computed by means of the (7) that could be used only for car-network assignment, while 
in reality it has been used for transit-network TC. 

 
Tab. 5 – Car-Network link flows estimation statistical performance (all available TC)  

 
 CvF 0.3 0.3 0.4 0.4 (exper.) (exper.) 
 CvB 0.01 0.02 0.01 0.02 0.01 0.02 

Statistics 
Starting 
values 

 
best 

    

MAE total flow 4499 3964 2955 4268 3391 4498 4163 
∆MAE% total flow  11.89 34.32 5.13 24.63 0.02 7.47 
MAE 223.52 220.04 216.44 221.38 217.56 220.27 216.63 
∆MAE%  1.56 3.17 0.96 2.67 1.45 3.08 
RMAE 0.43 0.43 0.43 0.43 0.43 0.43 0.42 
∆RMAE%  0.70 1.39 0.85 1.27 1.46 2.49 
MSE(x10-3) 78.16 74.52 68.90 76.53 71.45 76.86 73.78 
∆MSE%  4.66 11.85 2.09 8.59 1.67 5.61 
RMSE 0.206 0.20 0.19 0.20 0.20 0.20 0.20 
∆RMSE%  2.36 6.11 1.05 4.39 0.84 2.85 

 
Even if no explicit constraints have been applied to the problem (10), the correct estimation 

of each parameter sign has been obtained. This confirm the robustness of the NGLS estimator.  

7. CONCLUSIONS, METHODOLOGICAL REMARKS AND 
FURTHER DEVELOPMENTS 

In this paper a bi-level sequential NGLS estimator has been proposed to calibrate a travel 
demand model with traffic counts data. This estimator category provides high performances 
under economical, computational and theoretical aspects. Under correct assumptions on the 
quality of the available information, the proposed method could be used to combine successfully 
“a priori” information on the starting estimate in the calibration procedure.  

This is not an easy task since the procedure is affected by the subjective analyst’s confidence 
in the information sources. By means of an experimental analysis the influence of available data 
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accuracy assumption on the link traffic flows estimation have been investigated. It has been 
showed that TC information can be effectively used to improve an existing estimate of demand 
model parameters even if obtained through a Maximum Likelihood estimator based on 
disaggregate data. These numerical results have strengthened the more theoretical findings on 
GLS estimators that showed that by combining survey data with traffic counts (or other 
aggregate data) a reduction of ML estimate variance can be obtained (Judge, et al., 1985). 

From the methodological point of view these results lead to some relevant items that have to 
be pointed out: 
– it is possible to reduce and/or avoid the high cost of the necessary disaggregate sampling 

surveys to implement the traditional model calibration or direct demand estimation methods; 
with respect to the O-D matrix estimation methodologies: 
– it is possible to provide, at least at the same cost, a calibrated mathematical model for travel 

demand forecasting;  
– the computational effort is lower since that the number of variables to estimate is inferior. 

Taking in to account the size of the network, the associated real data and the type of 
calibrated system of models the obtained results are very  encouraging. 

Further development of this work will deal with:  
– the aggregate calibration of path choice model parameters with a fixed-point formulation of 

the problem (8);  
– the effect of spatial selection of traffic count sections (field measurement design); 
– the economical assessment of the savings by updating outdated surveys and data (i.e. old 

estimates of O-D matrices and model parameters) from TC. 
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Appendix: The Calibrated Demand Model  

The calibrated travel demand system of models is a traditional partial-share model. It is constituted by the 
following three sub-models: emission model, trip distribution model and modal split model. Its structure can be 
considered as behavioural since the first sub-model is descriptive, while the other two are based on the random utility 
theory.  

 
The demand model, for the purpose s and the period h, has been formalised as follows: 
 
dod(s,m,h) = do(s,h) p(d/o,s,h) p(m/o,d,s,h) 
 

where dod(s,m,h) is the average number of trips from the origin o to the destination d made by the users in the period 
h, for the purpose s, by means of mode m.  

The sub-models have been specified as follows: 
Trip emission model (index per category type) gives the number of trips which start from the origin o, for the purpose 
s, in the period h: 
 

do(s,h) =Σc[N(o,c) x TS(c,s)]     
 

where c is the users category, N(o,c) is the number of users resident in the zone o, belonging to category c, TS(c,s) is 
the number of trips made by the user in the period h, for the purpose s. 
 
Trip distribution model (Logit type). It gives the probability that users moving from o for the purpose s, choose the 
destination d: 
 

p(d/o,s) = exp(Vod) / Σd’ exp(Vod’)    with systematic utility Vod = Σk βk X(o,d)k  

 
Modal split model (Logit type) gives the probability that user chooses mode m to go in the destination d: 
 

p(m/o,d,s,h) = exp(Vodm) / Σm’ exp(Vodm’)  with systematic utility Vm = Σk βk X(m)k 

 
Thus, the calibrated travel model has been specified as follows: 
 
dod(s,h,d,m) = do(s,h) {[exp(Vod) / Σd’ exp(Vod’)][exp(Vodm) / Σm’ exp(Vodm’)]} 
 
Four home-based trip purposes (s) have been considered: 

Home to Work (H-W),  
Home-to-other Constrained Purposes (H-CP),  
Home-to-other Non-Constrained Purposes (H-NCP),  
Home-to-School (H-S) 

 
The modal choice set is constituted of five alternatives (m):  
 
Ii = {Car-Driver, Car-Pool, Bus, Motorcycle, Pedestrian} 
 
Attributes (X(m)k and X(o,d)k) and parameters β of the models have been summarised in the following tables. 
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Trip generation model: Purposes, parameters and attributes 
purpose  

attributes 
H-W H-CP H-CNP H-S 

nos. employees  β1 β4 β7 β10 
modal choice logsum  β2 β5 β8 β11 
SZ  (same zone) β3 β6 β9 β12 

 
Modal Choice Model: parameters and attributes – (H-W) 

attribute 
mode 

time cost parking 
distance 

ASA mode destination 
distance 

car-driver  β13 β14 β17 β18  
car-pool β13 β14  β19  
bus β13 β14  β22  
motorcycle β13 β14  β16  
pedestrian β20    β21 

 
Modal Choice Model: parameters and attributes – (H-CP) 

attribute 
mode 

time cost ASA mode Dummy 
age>35 

destination 
distance 

car-driver   β23 β26   
car-pool  β23 β27   
bus  β23 β30   
motorcycle  β23 β24 β25  
pedestrian β28    β29 

 
Modal Choice Model: parameters and attributes – (H-NCP) 

attribute 
mode 

time cost ASA mode parking 
distance 

destination 
distance 

car-driver  β31 β33 β34  
car-pool  β31 β35   
bus  β31 β38   
motorcycle  β31 β32   
pedestrian β36    β37 

 
Modal Choice Model: parameters and attributes – (H-S) 

attribute 
mode 

time cost ASA mode destination 
distance 

car-pool β39 β40 β42  
bus β39 β40 β45  
motorcycle β39 β40 β41  
pedestrian β43   β44 

 
  


