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ABSTRACT 

 

Field observations show that highway traffic control tools act on the variability of the 

microscopic traffic flow characteristics. Consequently, the heterogeneity in driving behavior 

has received a massive scientist attention the last decade and the knowledge of inter driver 

variability is a matter of outstanding importance to include in traffic flow models. To this end, 

a better understanding of individual variables such as speed or headway is the very first task 

to complete.  

The paper briefly introduces the first order Newell car-following model. This model is able to 

reproduce disturbances propagation on congested highways. The resolution of this model is 

fully understood and exact. With such a model, car-following parameters can be assigned 

individually, i.e. for each vehicle. Then an accurate calibration process can lead to a correct 

quantification of the parameter’s variability within traffic stream. 

Thus, the paper explores two different methods for the calibration of the model under heavily 

congested conditions. The two methods will be described and the performance of each of 

them will be tested and compared with each other in terms of efficiency and accuracy to the 

error. Finally, Newell’s car-following model will be calibrated on field data from the NGSIM 

program to quantify the parameters’ variability in traffic stream.  

 

 

 

mailto:aurelien.duret@entpe.fr


Session 3 - Traffic (2) 

 

2 

 

1. INTRODUCTION 

 

1.1 Context 

 

Heterogeneity in driving behavior has received a massive scientist attention during the last 

decade. The empirical evidence shows that individual’s drivers have their own personalities 

[Cassidy, 1998] and microscopic models propose to reproduce this dispersion. These models 

reproduce differences in driving behavior by distributing their parameters. Thus, the 

knowledge of the driver behavior’s distribution is an important task to complete for the 

calibration of microscopic models. 

Existing microscopic models often present a high number of parameters that stem from 

unknown distributions and are drawn in a stochastic manner. Consequently, it is a hard task to 

validate them based on usual traffic measurements. 

To fill this gap, this paper proposes several parsimonious methods to estimate distribution of 

driving behavior. These methods are based on the calibration of a simple CF (car-following) 

model proposed by [Newell, 1993]. This model chosen for (i) its simplicity (ii) because it 

requires only two parameters under congested regime and (iii) it was shown to suitably fit 

field observation [Ahn, 2004; Chiabaut, 2009a, b]. 

 

1.2 The car-following model 

 

A car following model aims to determine the trajectory of a vehicle based on surrounding 

conditions. In congestion, traffic conditions propagate upstream and vehicle’s trajectory 

depends on the trajectory of one (or several) vehicle(s) downstream. If we exclude car-

following model based on several leaders: many car-following models remains and we can 

refer to [Hoogendoorn, 2005] for an overview.  

The model proposed by [Newell, 1993] satisfies all the requirements to make the 

implementation and the calibration easier: 

 The trajectory of the vehicle i  (follower) corresponds to the trajectory of the vehicle 

1i (leader) but shifted in time and space.  

 It has only two parameters under congested regime. 

Newell’s assumes that the trajectory of vehicle i  looks like that of its leader, but shifted in 

space and in time with a shift 
i

i

i

w
d


 (see figure 1(a)). This vector holds physical 

meaning: 

- Change in speed propagates upstream at a speed i
i

i

d
w  independent of the leader’s 

velocity u  
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- 
id  corresponds to the bumper to bumper distance between vehicle 1i  and vehicle 

i at stop. 

The model is described by: 

1( ) ( )i i i ix t x t d  

    

(a)       (b)

figure 1. (a) Piecewise linear vehicle trajectories(b) Speed-spacing relationship for a 

single vehicle i (from [Newell2002])

If the space headway ( )is t  corresponds to the actual bumper to bumper distance between 

vehicle 1i and vehicle i (both travelling at speed u ), then: 

    1( ) ( ) ( )i i is t x t x t  

1 1( ) [ ( ) ]i i i ix t x t d  

.i id u  

This relation describes a SSR (speed-spacing relationship) ( ) .i is u d u  illustrated on figure 

1(b)) and is equivalent to a linear fundamental diagram in congestion. 

The SSR may vary from one vehicle to another [Chiabaut, 2009b] and parameters are 

distributed among vehicles. The next section proposes two methods to estimate the 

distribution of i  and id , i.e. the shift iw


 associated with vehicle i . 

 

 

2. OPTIMUM PARAMETERS’ MEASUREMENT 

 

Classically, calibration processes consist in solving a lead vehicle problem, i.e. calculating the 

trajectory of a vehicle i  traveling behind another vehicle 1i whose trajectory is known. Let 

consider the trajectories of two vehicles 1i and i  known from on-field measurement. An 

objective function is defined to represent the gap between simulation output and field 

observation and the goal of the calibration process is to find the set of parameters that 

minimize this function. These approaches presents lacks because (i) they are discrete (ii) they 
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do not necessarily capture the dynamics of the phenomenon [Ossen, 2008] (iii) they can be 

sensitive to error measurements. As an example, [Duret, 2008] has calibrated Newell’s CF 

model discretizing d and w over reasonable intervals and they calculate the objective function-

values over the pavement [ ] [0 :12 ] [0 :12 / ]d w m m s to find its minimum. This discrete 

approach presents lack and continuous methods are preferred [Chiabaut, 2009b]. This paper 

proposes two methods based on the model properties to capture the dynamics of the 

phenomenon, both continuous regarding one of the two parameters. The following paragraphs 

present these objective functions. 

 

2.1 First method 

 

Methods that consist in minimizing the distance between the model’s output and the field 

measurement are routinely used. They often measured it as a Euclidian distance with a RMSE 

(root mean square error). The first MoE is based on the minimization of the Euclidian 

distance 1X  between the field space headway measurement ( )is t  and the simulated space 

headway ( , , )sim

i i is t d : 

2

2

1

1

1
( , ) ( ) ( , , )

N
sim

i i i j i j i i

j

X d s t s t d
N

 

1( ) ( ) ( )i j i is t x t x t , 1( ) ( ) ( )sim sim

i i is t x t x t (see figure 1 (a)) and Newell’s model gives 

1( ) ( )sim

i i i ix t x t d  . Thus: 

2

2

1 1

1

1
( , ) ( ) ( )

N

i i i j i i j i

j

X d x t x t d
N

 

This criteria reaches its minimum for the optimum value 
*

i of i . This value can be 

calculated from the derivative of 
2

1X , which is null when 2

1X  is minimum. It comes 

* *

1

1

( ) ( ) 0
N

i j i i j i

j

x t x t d  and
* *

1

1

1
( ) ( )

N

i i j i j i

j

d x t x t
N

 (1). The first MoE 

consists in testing a discrete set of i -values and finding ( )i id  that minimizes 

1

1

( ) ( ) ( )
N

i j i i j i i

j

x t x t d  for every i -values.  

 1

1

1
1( ) ( ) ( ) ( )

N

i i j i j i i i

j

MoE x t x t d
N

 and the optimum 
*

i  minimizes 1( )iMoE . 

This method is i -discrete and id -continuous. 
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An equivalent MoE can be based on the minimization of the Euclidian distance 2X  between 

the field time headway measurement ( )ih t  and the simulated time headway ( , , )sim

i i ih t d . It 

would be id -discrete and i -continuous. 

 

2.2 Second method 

 

According to Newell’s model the changes in vehicle speed propagates from vehicle 1i  to 

vehicle i at a constant speed i
i

i

w
d

independent of the lead vehicle speed  u  (see on figure 

1(a)). The second method, proposed in [Chiabaut, 2009b] consists in fixing iw  and measuring 

variations of the time coordinates ( )i u along the trajectory. If the car-following model holds, 

then i  is supposed to be uniform among the lead vehicle speed. 

Measurements of ( , )i i jw u  are calculated at every time step and then are averaged by range 

of speed ( , ) ( ( , ) | )i i k i i j j kw U mean w u u U . [Chiabaut, 2009b] proposes an interval of 

5km/h to ensure a sufficient number of measurements by range of speed. Variations of 

( , )i i kw u are estimated by the standard deviation of   ( , )i i kw U  and the second MoE comes: 

2

( ( , ))
( )

( , )

i i k
k

i

i i j

std w U
MoE w

w t
, where [( 1)*5; .* *5] /kU k k k km h  

This method is iw -discrete and i -continuous: it explores a set of discrete iw  and to find out 

the 
*

iw -value that minimize the criteria. Then 
*

i is calculated continuously as 

* *( ( , ))i i i k
k

mean w U . 

 

3. DATA 

 

A set of trajectories from field measurements is used for the calibration process. These 

trajectories stem from the NGSIM program [NGSIM] and have been recorded on the I80, 

California during the evening peak period (congested): details about the section are provided 

in [NGSIM]. From this data, a set of three thousands pairs of trajectories has been extracted. 

A follower is a vehicle that drives in the same lane and keeps the same leader all along the 

experimental section (more than 500m). 

These pairs of trajectories are used to compare several calibration methods with each other. 

Two couples of trajectories have been identified to represents every driving conditions in 

congestion. Both travel on lane 2 (next to the inner lane) to avoid any disturbance from on-

ramp and off-ramp. Couple1 crosses several stop and go waves while couple2 runs at middle 

speed (about 40km/h). These are illustrated in figure 2(a) and (b). 



Session 3 - Traffic (2) 

 

6 

 

 

figure 2. Trajectories for couple1 (a) and couple2 (b) 

The car-following model has been calibrated on couple1 and couple2 with the two MoEs 

presented above. The next section presents and analyzes the results for each MoE 

successively. 

 

4. RESULTS 

 

4.1 Optimum parameters 

 

The first method consists in calculating 1( )iMoE  over a discrete set of  [0,5 : 0.05 : 5]  

and find out the 
*

i -value that minimizes 1( )iMoE . The figure 3 illustrates the shape of the 

1( )iMoE for both couple of vehicles. 
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figure 3. MoE1 for couple1(a) and couple2(b) 

The optimum values that minimize  1MoE  are
*

1 1.55s  and 
*

2 1.25s , respectively for 

couple1 and couple2, and correspond to 
*

1 7.4d m  and 
*

2 7.75d s . Both results are fully 

consistent with their physical meaning (these vehicles measuring respectively 4.4m  and 

5.0m ) and correspond to a disturbance propagation speed of 
*

1 17.2 /w km h  and 

*

2 22.3 /w km h , consistent with classical values read in the literature [Ahn, 2004; Duret, 

2008; Chiabaut, 2009a].  

The second method have been implemented and the shape of 2 ( )iMoE w is illustrated on 

figure 4. 

 

figure 4.  MoE2 for couple1 (a) and couple2 (b) 
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The next table summarizes the optimum parameters’ results obtained by the two methods.  

Table 1: Optimum parameters for couple1 and couple2 

 Couple1 Couple2 

*

1d  (m) 
*

1  (s) 
*

1w (m/s) 
*

2d  (m) 
*

2  (s) 
*

2w (m/s) 

First method 7.4 1.6 4.8 7.8 1.2 7.2 

Second method 7.6 1.4 5.3 8.5 1.2 6.2 

 

Both methods applied on two couples of trajectories lead to close results that are all consistent 

with classical value met in the literature. It is an important task to evaluate the reliability of 

each results and this evaluation cannot be based on the results which are too close from each 

other. The next section compares both methods in terms of efficiency and accuracy. 

 

4.2 Efficiency and accuracy 

 

[Ossen, 2009] show that “the extent to which a specific parameter can be reliably estimated is 

dependent on the degree to which it affects model predictions and thereby the value of the 

calibration objective”. To test and compare the two methods, this section analyzes the shape’s 

characteristics around the optimum value of each MoEs to estimate their efficiency and 

accuracy. 

The next table summarizes the efficiency and the accuracy for couple1 and couple2. 

Table 2: Efficiency and Level of Accuracy for couple1 and couple2 

 Couple1 Couple2 

*MoE  5%-LoA *MoE  5%-LoA 

First method 1.8m +0.32|-0.39s 1.2m +0.17|-0.24s 

Second method 11% +1.8|-1m/s 7% +2.1|-1.7m/s 

 

Efficiency 

The efficiency measures the performance of the calibration and is quantified by 
*MoE , i.e. 

the lower MoE-value: the efficiency increases when the
*MoE  decreases. 

The results show that the car-following model is more efficient on the couple2. Moreover, the 

MoE are low for both methods: with an average error lower than 2m on the trajectory’s 

prediction for the first method; and with a standard deviation of
*( , )
ii kw u  lower than 15% for 

the second method. Both methods seem to be efficient but we cannot straightly compare the 
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methods with each other in terms of efficiency because both 
*MoE do not measure the same 

object. The next paragraph compares the two methods in term of accuracy. 

Accuracy 

The accuracy measures the sensitivity of the MoE to the error (i.e. the tightness of the MoE-

shape) around the optimum value. The 5%-LoA (level of accuracy) is measured by 

quantifying the difference between the optimum parameter and the parameter-values 

corresponding to a 
*1,05MoE MoE . The 5%-LoA correspond to the width of the 

corresponding interval, as illustrated on figure 3 and figure 4: the accuracy increases when the 

5%-LoA decreases. 

The 1LoA  corresponds to a - error, the 2LoA  corresponds to a w - error and they are not 

straightly comparable. 
*

2 * *
.( )

d
LoA w w

d
 has to be considered to compare the first 

method to the second. The table 3 summarizes the results after a normalization of each LoA  

in m/s and their corresponding interval width. 

Table 3: LoAnormalized in m/s and corresponding interval width 

 Couple1 Couple2 

5%-LoA Interval width 5%-LoA Interval width 

*

* *
.( )

d
w

d
 

+1.6|-1.8  m/s 3.4 m/s +2.0|-2.4 m/s 4.4 m/s 

2LoA  +1.8|-1m/s 2.8 m/s +2.1|-1.7 m/s 3.8 m/s 

 

The couple1 presents the shortest interval widths for the two methods. It means that both 

methods are more accurate for the couple1. This result is not surprising because the couple1 

crosses several stop-and-go waves (disturbance of great amplitude). The calibration aims to 

capture disturbance propagation speed and consequently, the sensitivity of the calibration 

process increases with the disturbance amplitude.  

The second method presents shorter interval widths than the first method for both couples of 

trajectories. It is consequently the more accurate method. This result is not surprising as well. 

The first method, based on a RMSE, gives the same weight at each time step measurement. 

On the contrary, the second method is based on the model’s properties: it gathers the results 

by range of speed and excludes any bias deriving from the overweighting of one speed and 

leads the more accurate results.  

On the contrary, the second method is adapted to the model’s characteristics. Disturbance 

corresponds to vehicle speed variation: by gathering the results by range of speed, the second 

method combines the best efficiency/accuracy characteristics. 
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5. DISCUSSION 

 

The second method has been implemented on the couple of trajectories travelling on lane 2 

and about 180 couples gives conclusive quantitative results. The figure 5 displays the 

distribution of *d  and *w  on this lane.  

 

figure 5. distribution of 
*d  and 

*w  on lane 2 

As expected, most of the 
*d -values are comprised between 5 and 9 meters: this is consistent 

with the physical meaning of this parameter (mean vehicle length equal 4.5m). Distance at 

stop lower than the vehicle length is measured for 10% of the sample. These correspond to 

vehicles that never drive at very low speeds and stay close to their leader: it measures a kind 

of aggressiveness. 5% of the sample presents 
*d -values over 10m and correspond to heavy 

vehicles. 

*w -values are distributed between 0.5 and 13m/s. It means that disturbances propagate 

upstream at an average speed of 15.4km/h on lane 2: that is consistent with visual inspection 

on the trajectory diagram as well as classical values cited in the literature [Ahn, 2004; Duret, 

2008; Chiabaut, 2009a]. 
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