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1 Extended Abstract

A growing range of data gathering techniques is increasingly available to be used in trans-
portation planning. For example, GPS and other nomad devices are used for the collection
of spatial-temporal data regarding individuals. Individuals’ whereabouts are not registered
at every instant; rather they are sampled in space and/or time. For many different appli-
cations, such as route guidance, traffic management or collaborative filtering applications,
sparse data provides a challenge since the path between the recorded observations cannot
easily be detected. In addition, measurement errors provide yet another challenge.

The purpose of this paper is to develop a consistent estimator for a flexible route choice
model for the case when we have sparse GPS data with measurement errors. That is, we
do not have access to the paths chosen by the individuals (or vehicles), and the sampled
points are associated with a spatial uncertainty.

Different approaches have been suggested to deal with the issues related to choice

sets. McFadden [11] suggested estimating multinomial logit (MNL) models on subsets of



alternatives. Frejinger et al. [7] explained that estimations based on subsets could return
biased results and how to correct for the bias in MNL models. Considering the issue
of correlation between overlapping paths, path-based approaches using discrete choice
methods are elaborated in the literature. (See, e.g., [1], [2], and [3]).

Alternatively, one may view a route as a sequence of links, see Dial [4]. Link costs are
random and the summation of link costs gives the cost of the paths. In practice, Fosgerau
et al. [5] and Karlstrom et al. [9] use such link-based route cost models and assign the
random terms to the links rather than the paths. These approaches incurs a natural
correlation structure between paths, but also allow for the consideration of the full choice
set. The link-based approach is used in this paper as well, and the route choice is provided
by choosing the shortest path. The estimator proposed in this paper enables the estimation
of flexible route choice models provided only sparse GPS data. Most closely related to our
work are Frejinger and Bierlaire [6] and Newman et al. [12], who also consider GPS data
for route choice estimation. Yet, our approach allows for the estimation of models with
a flexible correlation structure, full choice set consideration, and bias corrects for data
manipulations.

GPS data has many virtues. To use such a data set, some technical obstacles need to be
addressed. In a route choice context, the data need to be associated with a transportation
network, usually by some map matching technique. For the purpose of this paper, the map-
matching technique of Krumm et al. [10] is used. The path with the minimum calculated
distance, from the observed GPS points, is stated the matched path.

The estimation procedure that is proposed in this paper is based on indirect inference.
Indirect inference is a simulation based estimation method, see Gourieroux et al. [8] and
Smith [13]. The methodology is applicable even to, analytically intractable, or too difficult
to evaluate likelihood functions, which is the case for our flexible route choice model. Like
other simulation-based methods, a major prerequisite of the indirect inference approach is
that it should be possible to simulate data from the model of interest for different values
of the parameters involved in the model.

The main characteristic of the indirect inference method is that it uses an approximate
or auxiliary model in order to form a criterion function. The aim of the indirect inference
is to find parameters for the model of interest such that the simulated and observed data

look the same from the auxiliary model’s point of view. Karlstrom et al. [9] proposed



an indirect inference estimator, for the estimation of flexible route choice models, in this
paper the methodology is extended to incorporate the use of sparse GPS data.

Monte-Carlo evidence is provided, showing that the estimation procedure regenerates
consistent parameter estimates. We use a network of Borlénge city as described by Fre-
jinger et al. [7].

Given the network and the model, we may assign a value to the underlying behavioral
parameters [3, (say S = 1) and simulate paths. Given paths we simulate GPS observations
along the paths. Then, the proposed estimator based on indirect inference including map-
matching is applied. We investigate if the estimated parameter is consistent with the
assigned parameter of the data generating process (i.e. 1).

The observed paths contains N = 3000 routes which are made based on g = 1.

GPS error(m) | 0 10 25 | 50

Mean 099 | 098 |1.01 | 1.03
Std 0.03 | 0.03 | 0.04 | 0.03
RMSE -0.33 | -0.48 | 0.17 | 1.10
ZETA 0.03 | 0.03 | 0.04 | 0.04

Table 1: Sampling interval of 30 seconds.

GPS error(m) | 0 10 |25 |50

Mean 1.02 | 1.05 | 1.01 | 1.24
Std 0.03 | 0.04 | 0.04 | 0.48
RMSE 0.82 | 1.09 | 0.15 | 0.49
ZETA 0.04 | 0.06 | 0.04 | 0.52

Table 2: Sampling interval of 120 seconds.

In Table 1 and 2 we report the Monte Carlo evidence with a sampling interval of 30
and 120 seconds. The true parameter is assumed to equal 1. GPS errors are assumed to
have a Gaussian distribution with standard deviation 0, 10,25, or 50m. As is evident, the
estimator is quite precise also with rather large measurement errors.

We also apply the method to real route choice data. The data consists of actual

reported route choices. Given these actual route choices we may simulate GPS observations



and apply the estimator. Furthermore, the estimator may be applied without GPS-errors,
and in that case should replicate estimates performed directly on actual route choice data
without GPS related errors and sparseness. In Table 3 we see that the estimator performs
well.

Note: We are currently working on calculations of robust standard errors, this work is

under completion and will be included in the paper.

Data collection Estimation
period(sec) 0 meters error | 10 meters error
0 1.27 -
30 1.34 1.23
60 1.23 1.25
90 1.19 1.09
120 1.16 1.14

Table 3: Monte Carlo evidence with GPS points sampled with an interval of 90 seconds.

GPS errors is assumed to have a Gaussian distribution with standard deviation 0, 10m.

The main conclusion is that indirect inference is a useful option in the tool box for
flexible route choice estimation which can be used for estimating path choice using low

frequency GPS sampling data with measurement errors.
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