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Abstract. Microscopic simulation models have become widely applied tools in 
traffic engineering. Nevertheless, parameter identification remains a difficult 
tasks due to the fact that parameters are often not directly observable from 
common traffic data, but also because real driving behavior is variable in time 
and space, etc. This paper puts forward a new approach to identifying changing 
parameters of delayed car-following models, including the reaction time. The 
approach is based on the particle filter approach, and is generalized to enable 
estimation of reaction times. Besides the methodological contribution, we show 
empirical evidence for changing driving behavior by applying the approach to 
microscopic traffic data collected using remote sensing.  

1. Introduction 
A microscopic model provides a description of the movements of individual vehicles. 
These movements are the result of the characteristics of drivers and vehicles, the 
interactions between drivers, and between the driver and road characteristics, external 
conditions and the traffic regulations and control.  

The term car-following model is used here for the general class of dynamic microscopic 
models describing the longitudinal behavior of a driver in relation to the driver(s) in front. 
Driver i, following driver i+1, may for instance react on (changes in) the spacing ∆ri(1) 
between the vehicles, or his or her relative speed. Many models have been proposed to 
describe this longitudinal behavior. It is beyond the scope of this contribution to provide a 
comprehensive overview of all models.  

The types of models considered here describe a delayed reaction (acceleration) to 
different stimuli offered to driver i. These stimuli entail amongst other things the distance 
and relative speed with respect to the vehicle in front (referred to as the first leader, vehicle 
i+1), or the second leader (i.e. vehicle i+2). 
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1.1. Car-following modeling 
Let us very briefly discuss car-following models. The well-known model of [1] is based on 
the hypothesis that the acceleration ai of driver i is proportional to the relative speed: 
 (1) (1)

1 1( ) ( )  where  i r i i i ia t T v t v v vα ++ = ∆ ∆ = −  (1) 
where Tr denotes the reaction time, α denotes the so-called sensitivity, and ∆vi(1) denotes 
the relative speed with respect to vehicle i+1. This simple model has several undesirable 
and unrealistic properties [2]. For instance, vehicles tend to get dragged along when the 
vehicle in front is moving at a higher speed. To this end, this simple model has been 
modified in a number of ways. A well-known generalization is the model of [3], which has 
been further extended by [4]. Another generalization is including the relative speed with 
respect to the second leader i+2 (and the third, fourth, etc.), yielding the model of [5].  

Although we are aware of the deficiencies of the model Eq. (1), for the purpose of this 
paper, the simple car-following model is sufficient to illustrate the workings of the 
approach and provide first traffic flow research related results on adaptive driving behavior. 
It is stressed that the approach is applicable to a general class of car-following models. 

1.2. Adaptive driving behavior 
Indications are present in literature that driving behavior is subject to variations. For 
instance, in [6] increases in time headways of vehicles in a moving bottleneck are reported, 
which are likely to be caused by changes in driver motivation. In [7], it is suggested that the 
difference in high prior-congestion flows and lower queue discharge rates corresponds to a 
loss of motivation as well. In [8], it was found that – at the same speeds – passenger car 
drivers follow with smaller headways in non-congested than in congested conditions. The 
authors suggest that the driver’s motivation to follow closely or take over slower cars is 
lower in congested conditions, causing a different driving strategy. Other studies, e.g. [9], 
show that drivers can change driving strategies, for instance accept temporary reductions of 
the normal following distance while still being able to respond accurately to deceleration 
maneuvers, at the cost of a higher alertness, attention level or vigilance.  

Changes in driving behavior will be reflected by changers in the car-following 
parameters, including changes in the reaction time. To study this, an estimation approach 
that is able to track these changes is required.  

2. Dual estimation problem 
We consider sets or platoons of n vehicles, where n ≥ 2. Let ri(t) and vi(t) denote the 
position and the speed of vehicle i at time instant t. Let i = 1 be the last vehicle in the 
platoon, and let i = n denote the platoon leader. The state of the platoon is defined by: 
 1 1( , ,..., , )n nr v r v=x  (2) 
In the remainder, we assume that all drivers in the platoon have the same parameter set.  

Let us consider the following generic car-following model for driver i in the platoon:  



Dynamic calibration approach for delayed car-following models 401 

 
1

1

( ) ( ) ( )
( ) ( ( ), ( ) | ) for  1( ) ( ) for  

i k i k i

i k i k k r i
i k

i k n

r t r t h v t
v t h a t t T dt i n

v t
v t h i n

+

+

= + ⋅
+ ⋅ − +ω ≤ <=  + ⋅ω =

x x θ  (3) 

where the acceleration ai is a function of the current state x(t), the retarded state x(t-Tr), and 
the (unknown) car-following parameters θ. To account for modeling errors, noise ω = ω(tk) 
is included in the state dynamics. We also assume that parameters θ are subject to noise ν: 
 1( ) ( )k kt t+ = +θ θ ν  (4) 
As will become clear in the remainder, this formulation causes parameter estimates to 
smoothly adapt in order to ensure that the model predictions are close to observations.  

The observations y(tk) relate to the state x(t) according to the measurement equation: 
 ( ) ( )k kt H t= +y x η  (5) 
where H is a linear mapping between the state and the observations; η is a noise vector 
describing the observation errors. In our case, measurements y(t) of the vehicle positions 
are available each 0.1 s (i.e. tk = 0.1 k); [10]. 

Extended Kalman Filters (EKF) can be used to generate (approximate) Maximum 
Likelihood estimates and predictions of the state by combining the predicted state with the 
noisy measurements. [11] propose using the EKF to estimate parameters of non-linear 
models from clear data. In most practical applications, a clean state observations is 
however not available and a dual or joint estimation approach is required [12]. The 
approach entails joint estimation of the state (in this case, the positions and speeds of the 
vehicles in the platoon), and parameters θ of the non-linear car-following model.  

Besides the error due to linearization, a complication in applying the EKF is that most 
car-following models are delayed, i.e. they include a reaction time Tr. A linearization-based 
generalization of the EKF that enables estimation of the reaction time is presented in [13]. 
For large fluctuations in reaction times, the approach of [13] is less suitable, since the 
proposed linearization is not valid. Furthermore, the EKF requires the noise terms to be 
Gaussian. This is unlikely since car-following parameters are generally bounded (e.g. 
reaction times are non-negative and finite, etc.).   

In sum, the (dual) estimation problem is to determine RMSE optimal estimations of the 
state x and the car-following parameters θ (including the reaction time), based on noisy and 
partial observations y of the state.  

3. Delayed particle filtering 
Particle filtering is based on Monte Carlo simulation, and entails a direct implementation of 
an optimal Bayesian estimator [12]. In the simulation, so-called particles (samples) are 
drawn from the posterior distribution of the error terms, which may follow any distribution. 
In doing so, the delayed reaction is accounted for explicitly in the simulation (and thus also 
in the particle filter). For these particles, importance weights are determined based amongst 
other things on how close the measurements that would result from these particles (via the 
measurement equation (5)) are to the actual measurements. Based on the weights, surviving 
particles are selected and new particles are added.  
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The adapted approach proposed here consist of the following steps:  
1. Initialization (k = 0). Draw j initial particles (states x(j)(t0) and parameters θ(j)(t0)) 

from an initial distribution, for j = 1,...,m.  
2. Importance Sampling step (k = 1,...,K).  

a. For particles j = 1,...,m, sample states x(j)(tk) and parameters θ(j)(tk) based 
on x(j)(tk-1) and θ(j)(tk-1), which is achieved by applying Eqs. (3) and (4). 

b. For j = 1,...,m, determine the importance weights w(j)(tk), given the weights 
w(j)(tk-1) and the predicted states x(j)(tk-1) of the previous step. This is 
achieved by comparing the predicted observation y(j)(tk) = Hx(j)(tk) with the 
actual observation y(tk), e.g. by using the probability density function fη of 
the measurement error-term η:  

 ( ) ( )( ) : ( ( ) ( ))j j
k k kw t f t tη= −y y  (6) 

c. Normalization of the weights, i.e ( ) ( ) ( )( ) : ( ) / ( )j j j
k k kjw t w t w t= ∑ . 

3. State and parameter estimation. Estimation of the state and the parameters is 
determined from the particles (x(j)(tk),θ(j)(tk)): 

 ( ) ( ) ( ) ( )
1 1

ˆˆ( ) ( ) ( )  and  ( ) ( ) ( )m mj j j j
k k k k k kj jt w t t t w t t

= =
= ⋅ = ⋅∑ ∑x x θ θ  (7) 

4. Selection or resampling step. This step entails selecting the particles j with high 
weights, and generating new ones. Different approaches have been proposed for 
this step. For instance, a stochastic approach would entail selecting particle j with 
a probability which is proportional to the weight. In the full paper, this step will 
be elaborated upon more thoroughly. 

Note that in order to correctly handle estimation of the reaction time, it is required to 
store the history of the particles for the period [tk–Tr, tk]. This on the contrary to standard 
particle filters for non-retarded systems, which are in effect memoryless.  

4. Verification of the approach 
To verify the approach, synthetic data was generated using the simple car-following model 
Eq. (1) with α1 = 0.8 s, and Tr = 1.0 s. In the simulation, the leading vehicle drivers at a 
speed of 20 m/s. At first, the following vehicle follows at a constant speed of 20 m/s and a 
constant distance of 40 m. The speed of the leader is reduced to 10 m/s in the period 
[2.5 s,7.5 s]. The follower responds according to the car-following rule.  

The particle filter is applied with 200 particles to the simulated behavior of the leader 
and the follower, without prior knowledge of the car-following parameters. We have used 
initial estimates α1(0) = 0.5 s, and Tr(0) = 1.5 s. Fig. 1 shows the results of applying the 
filter, thereby clearly showing that parameters are correctly identified. In the figure, the 
gray dots show for each time instant the 200 particles that have been used in the filter. Note 
that initially, the estimates α1(t) and Tr(t) are constant equal to the initial guesses. This is 
caused by the fact that all responses are retarded and the fact that changes in α1(t) or Tr(t) 
do not yield a response since the relative speed is equal to zero.  
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Fig. 1 Results of application of the particle filter to synthetic data.  

In the second verification experiment, we assume that the reaction time at t = 15 s 
reduces from 1.0 s to 0.8 s. In this case, the leader is assumed to have sine-like speed  
dynamics. Fig. 2 shows the estimation results. The filter is clearly able to track the change 
in the reaction time. Again, the adaptation is retarded due to the delayed relation between 
stimuli and response. 

Fig. 2 Parameter identification using particle filter for changing reaction time. 

5. Application to empirical trajectory data 
The vehicle trajectory data used here was collected using a new data collection approach 
[10] using an air-borne observation platform (a helicopter), mounted with a high-frequency 
digital camera and frame grabber. Using image processing software, the vehicles are 
detected and tracked, yielding trajectory data covering approximately 500 m of motorway 
roadway stretch; the spatial resolution is smaller than 40 cm, while the temporal resolution 
is 0.1 s. Besides the trajectories of all vehicles present, the system also determines the 
vehicles’ lengths and widths, enabling distinguishing person-cars and trucks. 

Fig. 3 and Fig. 4 show example results from application of the estimation procedure to 
the real-life data. The figures show the dynamic changes in the parameter estimates that 
result in the best fit with the observed empirical driving behavior. The changes in the car-
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following parameters can be explained from adaptive driver theory (even for the simple car-
following models used), and are in line with results reported in [13].  

It is also noted that the filter does not only yield dynamic estimates of the car-following 
parameters, but also serves as an efficient filter for the state (position and speed of the 
vehicles). This will be elaborated upon in the full paper. 

Fig. 3 Estimation results of application of the method to real-life trajectory data. 

Fig. 4 Estimation results of application of the method to real-life trajectory data. 

6. Conclusions 
In this extended abstract, a new parameter identification approach has been established that 
allows identifying parameters of car-following models. The main contributions is that the 
approach enables estimation of the reaction time of delayed car-following models, and 
furthermore tracks smooth and brisk changes in the car-following parameters. On the 
contrary to (Extended) Kalman Filters, noise terms are not necessarily Gaussian, making it 
possible to respect the fact that car-following parameters are bounded. Application of the 
approach is verified using both synthetic and real trajectory data.  

Different refinements of the approach could improve its performance. These 
improvements in particular pertain to updating of the weights and the selection of particles. 
In the full paper, these improvements will be discussed more extensively. 
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