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ABSTRACT: For the investigation of driving functions and corresponding components (e.g. sensor and camera systems), 
automated vehicle manufacturers and related industrial partners rely on simulations. In particular, to investigate advanced 
vehicle systems in urban areas, simulation setups have to be applied based on realistic traffic scenarios. The presented work 
outlines a methodology for adapting the longitudinal driving behavior of ambient traffic in microscopic traffic flow simulation 
based on real driving data. For this purpose, the optimization is performed on the simulation’s car-following model to fit the 
existing dataset. Accordingly, the desired driving behavior is adapted by adjusting the cumulative acceleration probability. 
The calibration result obtained a total error of 4.60% between simulation and real driving. After the completed calibration, the 
results show that the presented methodology is suitable to replicate similar acceleration probabilities for the given dataset. 
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1. Introduction 

The enhancement of emerging technologies such as 
automated driving functions as well as advanced driver assistant 
systems (ADAS) are considered to utilize simulations for 
prototyping and early-stage evaluation. Besides high-fidelity in-
vehicle simulations of vehicle dynamics and sensor models, 
microscopic traffic flow simulations are suitable for considering 
the ego vehicle’s surroundings on the road. 

In this context, Semrau and Erdmann (10) published a 
framework for testing ADAS in complex traffic situations, 
including various traffic conditions. For this purpose, a simulation 
setup is implemented by coupling both the high-fidelity vehicle 
simulation tool Virtual Test Drive (VTD) (8) and SUMO (1) for 
simulating surrounding traffic. By applying similar techniques, 
various works have tested advanced vehicle systems under traffic 
conditions by coupling their system models with microscopic 
traffic flow simulators (3) (7) (4).  

However, the focus of system evaluation relies mainly on 
modeling the ego vehicle dynamics while neglecting the influence 
of surrounding traffic on the vehicle’s overall driving behavior. For 
example, Thal et al. (12) showed the variance in the ego vehicle’s 
driving behavior when interacting with crossing pedestrians, 
supporting the importance of considering ego-object interactions in 
simulation.  

In order to adapt longitudinal motion, car-following models  
(CFMs) facilitate acceleration and speed profiles for both drivings 
behind a vehicle and free flow traveling. The Intelligent Driver 
Model (IDM) presented by Kesting et al. (6)  is a CFM often used 
to evaluate traffic flow simulations due to its high performance in 
replicating desired driving behaviors (14). Considering the 
replication of realistic driving behavior, Treiber and Kesting (13) 
utilized floating car and trajectory data from conventional trips to 
calibrate the IDM, leading to more realistic behavior towards 
human driving. Further, Pourabdollah et al. (9) used data collected 
from a substantial number of vehicle trips recorded in the city of 
Gothenburg. They applied an genetic algorithm to optimize the 
respective CFM. Nevertheless, the parameter optimization was 

performed purely theoretically without the consideration of fitting 
a simulation. 

The present paper proposes a methodology for calibrating the 
longitudinal driving behavior of vehicles in a microscopic traffic 
flow simulation. To ensure realistic behavior, the calibration relies 
on real driving data recorded in urban traffic. Thereby, the 
simulation is considered in the loop of the optimization procedure 
to adapt the desired driving behavior by optimizing the CFM of the 
simulated vehicles.  

2. Methodology 

This section outlines the methodology applied for calibrating the 
longitudinal motion of vehicles based on empirical data. The 
calibration is performed using the microsimulation tool SUMO 
version 1.9. 

2.1. Dataset 
 

The difficulty of the calibration is to cover the driving 
behavior for an entire network properly. For this purpose, 
measurement data recorded in urban areas with the test vehicle 
“TEASY 3” (Testing and Engineering of Automated Driving 
Systems) of the Institute of Automotive Engineering of TU 
Braunschweig is used. The vehicle is among others equipped with 
a highly precise, 360 degree laser scanner sensor system for 
continuous recording of the surrounding traffic (11). Figure 1 
shows the complete sensor setup. The measurement campaign was 
conducted in three German cities and contains around 6000 driven 
kilometers of manual driving.  

Examining the collected data, Figure 2 shows the distribution 
of acceleration occurring while traveling in the city of 
Braunschweig. The value range is nearly normal distributed from 
about -2.5 m/s² to 2.5 m/s².  
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Fig. 1: Sensor setup of measurement vehicle TEASY 3 

 
This distribution is the basis for further adjustment by 

covering the probability of acceleration distribution  to adapt 
human driving behavior in microsimulation. 

 

 
 

Fig. 2: Acceleration distribution of real driving data in urban 
area. 

 
 

2.2. Car-Following Model 
 
For adjusting longitudinal driving behavior, the frequently used 

Intelligent Driver Model (IDM) (6) is employed in this paper. 
Thereby, the acceleration �̈�  is assumed to be a time-continuous 
controlled variable depending on the vehicle's target speed and the 
preceding vehicle's state. 

 
The current speed is depicted as �̇�, and the leading vehicle’s state 
is considered by the spatial gap 𝑠 and the relative speed ∆�̇�. In the 
case of free-flow conditions, the maximum allowed speed 𝑉!"# is 
the only parameter of interest. For non-free flow conditions, the 
desired time headway 𝑇, the maximum acceleration 𝑎, and the gap 

at standstill 𝑠$ are relevant. The following equation determines the 
IDM: 

 

�̈� = 𝑎 *1 − -
�̇�

𝑉%&'
.
(
− /

𝑠(�̇�, ∆�̇�)
𝑠 3

)

4 (1) 

where 𝛿  is the acceleration exponent and 𝑠(�̇�, ∆�̇�)  denotes the 
desired minimum gap as follows: 
 

𝑠(�̇�, ∆�̇�) = 𝑠$ +max -0, �̇�𝑇 −
�̇�∆�̇�
2√𝑎𝑏

. (2) 

 
including the deceleration ability 𝑏.  

Since SUMO is used, it should be noted that an additional 
parameter 𝑏*&'  denoted as emergency deceleration must be 
considered for the implemented IDM. This value is described as 
maximum deceleration ability in case of an emergency which 
comes into effect if the intended deceleration is insufficient to 
maintain the desired gap.  
 
 
2.3. Calibration 

 
To determine the best parameters, a calibration procedure, as 

illustrated in Figure 3, was applied. However, before the calibration 
can be initiated, an appropriate simulation scenario is required to 
perform the optimization. For our calibration, the road network 
shown in Figure 4 was used. In selecting this network, 
consideration was given to reflect the typical characteristics of an 
urban area in Germany. In particular, single-lane and multi-lane, as 
well as slow and fast road sections, are included to cover the 
requirements. With respect to the traffic demand modeled for the 
simulation, it must be ensured that the traffic conditions do not 
deviate from the trips included in the dataset. Therefore, the 
distribution of free flow, dense and congested traffic needs to be 
similar.  

 
 

 
 
Fig. 3: Calibration scheme for CF model parameter fitting using 

empirical data. 
 
 
The optimizer is based on Covariance matrix adaption 

evolution strategy (5), which aims to minimize the error of the 
cumulative acceleration probability between the dataset and the 
simulation output by minimizing the following IDM parameters: 

 
𝜃 =	 (𝛿, 𝑎, 𝑏, 𝑏*&')+ (3) 

  
For this purpose, a set of parameter ranges for approximation 

are defined e.g. 𝛿 	∈ [0,10] etc. At each iteration, a certain 
combination of IDM parameter set is determined by the optimizer. 
Afterwards, the simulation is run using the selected parameters to 
generate the trajectory results from which the acceleration values 
are computed.  
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Fig. 4: SUMO network used for the calibration process  
on urban traffic. 

 
For our calibration, we set the number of iterations to 300 to 

ensure a sufficient number of runs to find the best parameter set. 
After each iteration, the resulting accelerations from simulation are 
compared to the accelerations from human driving dataset. Two-
sample Kolmogorov–Smirnov test is used as an error function to 
compare the simulation output with the dataset. The error is defined 
as a supremum difference of two empirical distributions, i.e. given 
two empirical distributions F and G, the error function E is defined 
as: 

 
𝐸 = sup

#
|𝐹(𝑥) − 𝐺(𝑥)| (4) 

 
such that E ∈ [0,1] which enables us to compare different 
simulation runs. 
 

3. Results 

After applying the outlined methodology, the parameters are 
determined to cover a similar cumulative acceleration probability 
as the collected data. Figure 5 shows the results after finding the 
proper parameter set shown in Table 1. Note that the parameters for 
time headway 𝑇 and the gap at standstill are from Atkins et al. (2). 
 

Table 1: Resulting IDM parameters after optimization. 

Parameter Value 

𝑇 1.0 s 

𝛿 0.3693 

𝑎 6.68 m/s² 

𝑏 3.16 m/s² 

𝑏*&' 6.87 m/s² 

𝑠$ 1.5 m 

 
 
The Kolmogorov–Smirnov test between the distributions 

presented in Figure 5 results to 4,6%. Looking at the shape of the 

function of the dataset and IDM best fit distributions, we can see 
that the differences between simulation and human driving are 
relatively small. For negative accelerations from -1 to 0 m/s² the 
SUMO distribution tends to exceed the given dataset, whereas 
remaining values are slightly below target. 

 

 
 

Fig. 5: Comparison of cumulative acceleration probability of 
human driver and SUMO after calibration. 

 
Further, the bounding acceleration range of  -2.5 m/s² to 2.5 m/s² is 
not exceeded by the acceleration in SUMO.  
 

4. Discussion 

After calibration, the results achieve a sufficient fit for the given 
acceleration behavior. Depending on the individual investigation 
case, the pure behavior of accelerations of the surrounding traffic 
can cover the requirements for the dedicated evaluation criteria. In 
order to reach a higher level of detail, time or spatial gaps between 
the vehicles can be taken into account for an enhanced calibration 
procedure.  
Considering the theoretical investigations of Pourabdollah et al. 

(9), it was shown that they achieved sufficient performance with the 
adaption of the IDM as well. Due to different approaches, our 
results are not comparable on the basis of performance indices. 
Nevertheless, they showed that the optimal parameters vary for 
different traffic conditions, which should also be considered for 
adjusting driving behavior based on certain traffic conditions. For 
example, if the evaluation scenario is intended for testing in 
congested traffic, the dataset should include proper traffic 
conditions.  
It should be further noted that the calibration performed in this 

work focuses on an urban area. Thus, the calibrated driving 
behavior is not relevant for highway scenarios. Furthermore, 
despite the overall speed differences, urban traffic relies on a high 
density of intersections, leading to increased acceleration and 
deceleration by the vehicles, which is not the case for typical 
highway traffic. For this reason, a dataset including trips purely on 
highways is required to calibrate the vehicles specifically for this 
case. 
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5. Conclusion 

The presented work outlines the capability of covering human 
driving behavior in microscopic traffic flow simulation by using 
real field data. As an outcome, driving functions and corresponding 
vehicle models can be simulated within a realistic traffic scenario. 
This avoids distorted outcomes caused by implausible interaction 
with surrounding traffic. The results also show that calibrating 
realistic field data to IDM has a relatively low error, indicating that 
the used car-following model is suitable for the purpose of this 
study.  
Despite adapting human driving, the proposed methodology is 

also suitable for replicating the driving behavior of automated 
vehicles with certain levels of automation, provided that the 
required data are available. 
In addition to testing vehicle systems under realistic traffic 

surroundings, the calibration can be used to investigate traffic 
measures in large-scale scenarios. This can include, for example, 
the impacts of particular driving behavior on energy consumption. 
Furthermore, by applying the driving behavior of automated 
vehicles, impacts on traffic quality can be used as a basis for traffic 
engineering studies. 
In order to further improve the level of realistic driving behavior, 

future work can be devoted to adjusting lateral driving behavior by 
parameterizing the lane-changing model, which is also part of the 
SUMO vehicle models. This would ensure that vehicles change 
lanes as expected on multi-lane roads depending on the 
environmental conditions. 
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