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1 INTRODUCTION 
 
There is an increasing need for systems that can provide road-users with accurate real time 
traffic information. Many research efforts emphasize the significance of traffic information 
and the potential effect of advanced traveler information systems (ATIS) on travel choice. 
Van Berkum et al (1994) argue that the credibility and the net value of the information 
influence the traveler’s response to the information presented. Net value is defined by the 
difference between the information and individual expectations, implying that different 
drivers value the same information differently. The credibility of information strongly relates 
to the quality (e.g. accuracy) of the information. Drivers tend to make less use of the 
information, once they have had bad experiences with it. Thus, for traffic information to have 
an effect on driver behavior, it should consist of clear and unambiguous messages based on 
accurate and reliable predictions. With respect to the accuracy and reliability of traffic 
information, the sensitivity of the quality of that information to faulty and missing input data 
is of particular interest.  
In this paper we explore the robustness of a particular travel time prediction model to 
incomplete or faulty input. Van Lint et al (2002) show that co-called State-Space Neural 
Networks (SSNN) are capable of accurately predicting experienced travel times, producing 
approximately zero mean normally distributed residuals, generally not outside a range of 10% 
of the real expected travel times. These results, however, are obtained by feeding the models 
with 100% accurate and reliable data. In reality, the input data to the travel time prediction 
models will often consist of corrupted or missing values caused by both incidental (type 1) 
and structural failures (type 2). In illustration: Let us note that on average 5-15% of the 
inductive loops of the Dutch Freeway monitoring system (MONICA) may be out of 
operation. 
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Figure 1: Incidental and Structural failures in detection system 

The first type of detection failure (Figure 1a) occurs due to, for example, temporary power or 
communication failures in the freeway monitoring system. The second type (Figure 1b) 
occurs mainly due to physical damage or maintenance backlogs to the inductive loops or 
roadside equipment. A third type of (structural) failure (Figure 1c), measurement noise and 
bias, is inherent to detection devices and averaging measurements over time in general.  
The goal of this paper is to present a travel time prediction framework, based on the SSNN 
model, which is robust to both incidental and structural detector failure, as well as to noisy 
and possibly biased input. In the next chapter we outline the two key components of that 
framework.  
 

2 THE ROBUST TRAVEL TIME PREDICTION FRAMEWORK 
 
The robust travel time prediction framework 
(Figure 2) consists of two key components: a 
pre-processing layer, which processes and 
cleans the data it receives from a Detection 
system, and the actual travel time prediction 
model, which is fed by the pre-processing 
layer and predicts travel time on the route of 
interest.   

 Travel time prediction framework 

Detection 
System(s) 

Pre-processing 

Travel Time prediction 
Model 

Travel Time Information Service 

Figure 2: Robust travel time prediction framework

2.1 Pre-processing 
Pre-processing involves all necessary operations and transformations on the input data before 
it is actually fed into the travel time prediction model. We argue that if the inaccuracies in the 
input are (partially) known, then preprocessing is always a good strategy. For example: 
arithmetic time mean speeds (as measured by the MONICA system) can be transformed fairly 
easy into an unbiased estimate of the harmonic mean speeds before feeding them into the 
travel time prediction model.  
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In case of missing or corrupt input values, there are several possible pre-processing strategies, 
such as replacement by smoothed average, replacement by historic mean or replacement by 
the last known value. Also more sophisticated methods, such as using neural networks, are 
available for cleaning and repairing the input data patterns.  

2.2 Travel time prediction model: State-Space Neural Network 
Travel time prediction refers to predicting the experienced travel time before a vehicle has 
traversed the link or route of interest. To predict the travel time, it is not sufficient to use the 
available instantaneous data along the link or route of interest. Information on traffic 
conditions on up- or downstream links is required. This, however, is complicated due to the 
fact that the scope (both in terms of space and time) of the information that is needed depends 
on the outcome of the prediction itself, or more precisely on the traffic conditions that prevail 
during the expected (predicted!) travel time. Further complications arise if we consider the 
possible effect of the travel time information on driver behavior (such as route or departure 
time choice). In sum, we might conclude that accurate and reliable travel time prediction 
requires either highly sophisticated traffic flow models (inductive models), or data driven 
models (deductive models) that are capable of learning the non-linearity’s of congested traffic 
from data.  
The SSNN model (van Lint, 2002) is an example of a model of the second category. It is 
derived from a state space formulation of the travel time prediction problem, and is capable of 
incorporating the spatio-temporal dynamics of traffic flow implicitly, yielding not only 
accurate travel time predictions, but also plausible internal states, which are related to the 
traffic processes at hand (Figure 3). 
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Figure 3: Fully Connected State-Space Neural Network (FC-SSNN) for freeway travel time prediction 

One of the advantages of using a neural network model for travel time prediction is that it is 
generally not very sensitive to small disturbances (noise) and some bias in its inputs. In this 
sense, a neural network approach intrinsically satisfies a degree of robustness to noisy and 
biased input data (Figure 1c), given that it is trained properly.  
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3 EXPERIMENTAL SETUP 

3.1 Data 
We will use synthetic data obtained from a micro-simulation to test the robustness of the 
framework above. To this end we have set up a network in the microscopic simulation model 
FOSIM (developed at the Delft University of Technology, see e.g. Vermijs et al, 1994), for 
the southbound stretch of the A13 highway between two of the major Dutch cities in the 
western part of the Netherlands, The Hague and Rotterdam. This three-lane stretch with a 
total length of 7,3 km is one of the most intensively used motorways in the Netherlands, with 
recurring congestion in most afternoon peaks on weekdays. It contains four on- and four off 
ramps, and two weaving sections. The input to FOSIM (Dynamic OD matrices) was scaled to 
fit collected data from inductive loop-detectors on a number of typical afternoon peaks of 
February 2001. The scaling was done heuristically.  

3.2 Training and Testing Strategies 
There are a number of basic strategies in handling faults or incompleteness in the input data 
based on the framework in Figure 2. The most straightforward one involves only the pre-
processing layer, such that failures are “repaired” or smoothed, before data is actually fed into 
the FC-SSNN model  (or in fact any travel time prediction model). The second strategy is to 
train the FC-SSNN model with a sufficient amount of corrupted data, such that the model 
learns to detect failures by itself. A drawback to this approach is that we deliberately increase 
the non-linearity of the problem to be learned by the FC-SSNN model, yielding a more 
complex learning task, and possibly compromising the model’s accuracy. Yet another strategy 
is to develop different FC-SSNN models for various “degrees” of corruptness or various types 
of failures in the input. This strategy enables us to take into account the fundamental 
difference between incidental and structural faults. Structural detector failure might require 
the FC-SSNN model to infer the traffic dynamics in a different way all together (by “looking” 
at different detectors). The problem here is that we may need a very large (and a-priori 
unknown) number of different models, to cover all possible detection failures. 
Here we study combinations of the first two strategies. We will address robustness to 
incidental input failure by training a number of FC-SSNN models with different percentages 
of corrupted data and test these on their capability of handling pre-processed and not pre-
processed corrupted input. Our baseline model will be a FC-SSNN trained with 100% clean 
data.  
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4  PRELIMINARY RESULTS 

Figure 4 plots the mean and standard deviation of prediction error of a FC-SSNN model 
trained with 100% clean data on an independent test set in which an increasing rate (from 0 to 
1) of detectors are out of order. The corrupt input values are replaced by an exponentially 
smoothed average, before they are fed into the FC-SSNN model. This combination of pre-
processing and prediction appears to be fairly robust to incidental detector failure: for failure 
rates of 50- 60%, the FC-SSNN still produces approximately zero mean residuals with a 
standard deviation of less than 30 seconds.  
The same FC-SSNN, however, does not exhibit much robustness with respect to structural 
failure of any of the detectors (Figure 5), especially if these detectors are located on the 
“significant” links (the links connected to on- and off ramps and those surrounding the 
bottleneck – link 10). To enhance the robustness to structural detector failure a more advanced 
type of pre-processing (repairing the input patterns with a radial basis neural network) proves 
to be useful. 
 

5 CONCLUSIONS 
 
Robustness to missing or faulty input, due to detection failures, is a key characteristic for any 
travel time prediction model that is to be applied in a real time environment. Previous 
research has shown that so-called State-Space Neural Networks (SSNN) are capable of 
accurately predicting experienced travel times, producing approximately zero mean normally 
distributed residuals, generally not outside a range of 10% of the real expected travel times.  
Preliminary results show that a combination of pre-processing (input-repairing) and a SSNN 
model for travel time prediction seems a promising approach toward robust travel time 
prediction. 
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