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Abstract 

With the development of self-driving technology, the day when autonomous vehicles 

share roads with traditional human-operated vehicles seems to be around the corner. 

This makes the safety evaluation of this so-called heterogeneous traffic particularly 

important. 

In this thesis, by conducting microscopic heterogeneous traffic simulation on the 

simulation platform SUMO, the impact of autonomous vehicles on traffic safety and 

efficiency is studied. In order to obtain more accurate results, the initial car-following 

model and lane-changing model in SUMO need to be modified and calibrated using 

real-world data before being implemented in the simulation. 

As some previous research have shown, the types of vehicles involved on driving 

situation have an impact on drivers’ driving behaviours. The neglect of this impact has 

led to errors when reproducing the realistic driving behaviour with the existing car-

following and lane-changing models. In this thesis, the models are modified by setting 

appropriate value for some related parameters to reflect this impact. Then the models 

are calibrated using the data extracted from highD dataset. Three performance 

indicators, namely number of conflicts, number of lane-changing and a speed 

performance indicator,are proposed to rate the error in terms of car-following, lane-

changing and safety aspect. After the calibration, the best set of parameter values is 

selected and used to represent those human-operated vehicles in the heterogeneous 

traffic simulation. As for the autonomous vehicles, both zero-error Intelligent Driver 

Model (IDM) and Cooperative Adaptive Cruise Control (CACC) model are used to 

present two different types of autonomous vehicles.  

After getting all the models needed, the heterogeneous traffic simulation is conducted 

in SUMO. Several indicators, such as time to collision and number of lane-changing, 

etc., are used to evaluate the safety and efficiency of traffic. The results are different 

when using different autonomous car models. For the zero-error IDM case, the results 

show that traffic safety and efficiency increase as the penetration rate of autonomous 

vehicles increases. For the CACC model, the traffic efficiency increases with the 

increase in the penetration rate, but the traffic safety deteriorates when the penetration 

rate is low, and it slowly improves only after the penetration rate is higher than 0.5. The 

simulation results help to understand the impact that autonomous vehicles will bring on 

heterogeneous traffic. 
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Nomenclature 

All abbreviation occurring in the report are listed alphabetically in the table below. 

 

ACC   Adaptive Cruise Control 

AV   Autonomous Vehicle 

CACC   Cooperative Adaptive Cruise Control 

DHW   Distance Headway 

DR   Deceleration Rate 

DRAC   Deceleration Rate to Avoid Collision 

EV   Ego Vehicle 

IDM   Intelligent Driver Model 

OD   Origin and Destination 

OSM   Open Street Map 

PET   Post Encroachment Time 

PI    Performance Indicator 

PV   Preceding Vehicle 

RMSE   Root Mean Square Error 

SGAP   Space Gap 

SSMs   Safety Surrogate Measurements 

SUMO   Simulation of Urban Mobility 

TGAP   Time Gap 

THW   Time Headway 

TTC   Time To Collision 

UAV   Unmanned Aerial Vehicle 
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1 Introduction  

For centuries, traffic safety has attracted people’s attention. As roads and vehicles are 

consistently developing, the situations that researchers need to study become more and 

more varied and complicated. In order to embrace the era of autonomous vehicles, 

consideration of heterogeneous traffic safety has also been put on the agenda. In this 

report, the safety is evaluated by means of conducting microscopic traffic simulation. 

 

This thesis is done at Swedish National Road and Transport Research Institute (VTI), 

and is the final project for a master’s degree in Automotive Engineering. 

1.1 Background 

With the continuous development of autonomous driving technology, autonomous 

vehicles (AVs) will increasingly appear on the road for the foreseeable future. 

According to a deployment prediction, approximately 50% of vehicles sold and 40% of 

vehicles on road could be autonomous in the 2050s [1]. Obviously, in the early phases 

of AVs’ deployment on public roads, they would be sharing roads with other road users 

such as traditional human-operated vehicles, pedestrians, cyclists, etc. The safety 

evaluation of this so-called ‘Heterogeneous Traffic Situation’ becomes particularly 

important. Nowadays, based on the depth and emphasis of research, several test 

methods have been proposed for traffic safety evaluation, including field tests, trials 

and simulation [2]. In this ‘Heterogeneous Traffic’ case, conducting microscopic 

simulation is a better way than performing field tests or trials in terms of cost and safety. 

Therefore, this thesis focuses on using microscopic simulation tool to evaluate the 

safety of heterogeneous traffic.  

 

Various traffic safety related microscopic simulations have been applied using different 

simulation tools and their corresponding models. For example, Cunto [3] calibrated the 

behavioural microscopic models in VISSIM [4] using vehicle tracking data, and then 

used the calibrated model to investigate the safety implications of two different traffic 

strategies; Vanderschuren [5] estimated the safety benefits of three types of intelligent 

transport system measures using the microscopic simulation models based on 

Paramics[6]; Huguenin, et al. [7] carried out the research with the microscopic traffic 

simulator AIMSUN [8] to propose a new safety indicator for linear conflicts, which not 

only considered the probability but also the severity of hypothetical collision. Lopez, et 

al. [9] depicted the work flow to do the microscopic simulation with the open source 

simulator Simulation of Urban Mobility (SUMO) [10]. Research has shown that none 

of the existing simulation tools far exceeds any other for evaluating traffic safety 

[11][12], but the user-friendly programming interface facilities and convenient model 

modification make SUMO a good choice. Moreover, the outputs of SUMO contain 

abundant useful information that can be directly analysed. That is mainly why SUMO 

is chosen as the simulation tool in this thesis. 

 

As is known to all, the accuracy of the simulation model largely depends on how close 

it is to the real situation [13], that is why the default models are normally not directly 

used. In most cases, the models are optimized and calibrated, to some extent, to make 

them more consistent with the observed data, so as to obtain more accurate simulation 

results. As researchers learn more and more about the real traffic situation, the models 

used for traffic simulation are also continuously changed. Currently some research 

results show that in the car-following and lane-changing situations, the driving 

behaviours will change with the type of preceding and following vehicle. Aghabayk et 
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al. [14] compared the driving behaviours when following a passenger car and a heavy 

truck, then introduced that the impacts of the leading vehicle type are reflected in three 

aspects, including headways, reaction times, and subject vehicle acceleration. Eagely 

et al. [15] pointed out the car-following behaviours are also influenced by the following 

vehicle type, after observing the situations of four types of passenger car and heavy 

vehicle following combinations. They reached the conclusion that the existence of 

heavy vehicle means larger space and time headways and longer reaction time. 

Moridpour et al. [16] believed that a model for lane-changing behaviour of heavy 

vehicles should be specifically developed because all the existing models fail to 

represent the behaviour of heavy vehicles, she proposed a framework to capture the 

lane-changing behaviour of heavy vehicles. However, the original models in SUMO, 

including the Krauß-model (which is the default car-following model) and the LC2013 

model (which is the default lane-changing model) do not reflect the change of driving 

behaviours [17], e.g. the different headways and reaction time. The Intelligent Driver 

Model (IDM), which represents the intelligent driver in car-following situations, has 

been proven that it can replicate driving behaviours better than the Krauß-model [18], 

but still does not reflect this difference on driving behaviours [19]. All these models 

take parameters such as vehicle speed, vehicle acceleration and vehicle length into 

consideration but ignore the change of driving behaviour mentioned above. Therefore, 

to obtain more realistic and meaningful safety evaluation results, it is necessary to make 

appropriate modification to IDM car-following model and LC2013 lane-changing 

model in SUMO. 

 

After the simulation is conducted, the next step is to evaluate the safety of the traffic 

based on the results. Traditionally, the safety of traffic can be defined as the expected 

number of crashes [20]. However, the limitations of this definition have been 

extensively discussed for a long time [20], [21], [22]. Crashes are rare and happen 

randomly on the road, which makes them hard to observe, and the crash studies or 

reconstruction could be costly both in terms of time and money. In addition, the number 

of crashes in the road crash database is quite low, especially for this heterogeneous 

traffic situation. Because of all these limitations, some indirect measures are proposed 

for assessing the traffic safety [20]. They are not based on crashes, but make use of 

other indicators that are related to crashes to represent the safety performance. Those 

so-called safety surrogate measures (SSMs) are more measurable and able to offer an 

insight to predict the safety. Time to collision (TTC) and post-encroachment time (PET) 

are two of the most typical safety surrogate measures. As a matter of fact, those safety 

surrogate measures have been widely used in simulation-based safety evaluation for a 

long period. Gettman, et al. [20] derived surrogate measures from existing microscopic 

traffic simulation models for intersections and then used them to support the safety 

evaluation for both signalized and unsignalized intersections; Goh et al. [23] 

implemented another frequently-used surrogate measure—deceleration rate to avoid 

the crash(DRAC) together with a self-defined crash potential index to investigate the 

safety impacts of bus priority; Morando, et al. [24] used TTC to identify potential 

conflicts to study the safety impact of autonomous vehicles. According to those 

previous examples, it is reasonable to draw the conclusion that in a simulation 

environment, SSMs are effective tools for safety evaluation. In this study, a method 

similar to the one mentioned in [23] is applied to do the safety evaluation. 
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1.2 Objectives 

The thesis aims to modify the car-following and lane-changing models in SUMO by 

taking into account the difference brought about by different preceding and following 

vehicle types, then use the data from highD dataset to calibrate the modified models. 

After that, a simulation of heterogeneous traffic will be conducted with those modified 

models. In the end, safety of this traffic is evaluated using SSMs. The main workflow 

is shown in Figure 1. 

 

 
 

Figure 1 The workflow of this thesis 

 
The following five objectives are addressed in this work: 

1. Summarise the known impacts of involved vehicle types on driving behaviour 

in car-following and lane-changing situation. 

2. Modify currently available car-following and lane-changing models in SUMO 

to address the summarised impacts. 

3. Extract necessary vehicles’ (i.e., cars’ and trucks’) data from the highD dataset, 

and perform the calibration on models basing on the extracted data. 

4. Conduct heterogeneous traffic simulation in SUMO taking into account the 

results of the first three objectives. 

5. Evaluate the safety of heterogeneous traffic using results from microscopic 

simulation in SUMO. 

1.3 Scope 

In heterogeneous traffic, there are many traffic participants, including cars, trucks, 

cyclists, pedestrians, etc. However, the scope of this thesis, including both the traffic 

situation studied and data used for calibration, is limited to two types of vehicles: cars 

and trucks. No other traffic participants are involved. 

 



 
 

4 
 

To study the impact of involving vehicle types, the data extracted from highD dataset 

concentrates on four types of car–truck combination, namely the car-following-car 

(CC), car-following-truck (CT), truck-following-car (TC) and truck-following-truck 

(TT). But due to the limitation of time and scale, the modification of the models is 

limited to present the difference between truck drivers and car drivers, that is to say, 

the difference between CC,CT and TC,TT. Because the difference between car drivers 

and truck drivers can be expressed by setting different parameters in SUMO, but if the 

differences in the four combinations mentioned earlier want to be reflected, the source 

code of SUMO need to be changed accordingly. This choice saves a lot of time while 

ensuring a certain accuracy, and also avoids many instabilities that may be caused by 

the changed source code. 

1.4 Research questions 

By the end of this thesis, the following research questions are answered: 

1. Based on existing research, how do the types of vehicle involved in traffic 

impact drivers’ driving behaviours? 
2. How are these summarized impacts reflected in the models used for 

heterogeneous traffic simulation? 
3. How does the existence of autonomous vehicles influence the safety of 

heterogeneous traffic? Do different penetration rates bring different results? 
4. How does the existence of autonomous vehicles influence the efficiency of 

heterogeneous traffic? Do different penetration rates bring different results? 

1.5 Thesis outline 

The thesis is structured as follows. Chapter 2 describes the main theory for the thesis. 

The methodology is introduced in Chapter 3. Chapter 4 lists all the results and in 

Chapter 5 the conclusion and discussion are given. 
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2 Theory 

 
In this chapter, the theoretical knowledge related to this thesis is introduced, including 

the simulation package and involved models, the impacts on driving behaviours that 

have been studied, the dataset used to calibrate and the safety surrogate measures used 

to evaluate traffic safety. 

2.1 Simulation package and models 

As mentioned in the introduction part, nowadays various simulation package and 

corresponding models can be used to do the traffic simulation. In this thesis, SUMO is 

chosen because it can represent the traffic situation of interest and it can directly output 

safety related measures utilized for safety evaluation. As a result, the models in SUMO 

are used as a basis for modification. 

2.1.1 Simulation package SUMO 

SUMO is an open source microscopic and continuous traffic simulation package, 

mainly developed by employees of the Institute of Transportation Systems at the 

German Aerospace Centre. It is freely available and published under the Eclipse Public 

License V2, and has been widely used in recent years [9]. The word “microscopic” here 

means each vehicle and its dynamics are individually represented. In traffic simulation, 

its advantages include simple inputs, useful outputs and convenience to modify the 

models. In addition, its clear graphical user interface is helpful for observing the traffic 

situation of vehicles during the simulation. 

 

 

 

Figure 2 A screenshot of SUMO’s graphical user interface 

 
The inputs of SUMO are a network file, a route file and other optional files. The 

network file basically contains the road information involved in the simulation, which 

can be designed using the built-in program Netedit or imported directly from digital 

road map such as Open Street Map (OSM) or from other traffic simulator like Vissim. 

Such multiple options allow the users to design a simple road to observe the 

performance of the models first, and then verify the models in a complex road 

environment. The route file, also called traffic demand file, can be defined as individual 
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trips, flows or as routes [9]. Several tools are provided in the package to help to generate 

the route file. For example, the traditional Origin and destination (O-D) matrix, which 

contains the starting time, the origin, the destination and other details, can be transferred 

to vehicle trips with the help of the tool OD2TRIPS. In the optional files, more settings 

can be given and other entities can be loaded. So, in general, it is easy to create or 

import the concerned road conditions and traffic flows in SUMO. 

 

The useful output is one of the most important reasons why SUMO was chosen. It is 

known to all that the data presented after the simulation should be abundant and 

detailed, so that useful ones could be easily selected. Data processing should be as 

convenient as possible to save time. Just like other simulation tools, there are lots of 

data sorted by topics after the simulation in SUMO. However, it is special in that the 

outputs it provides include not only the trajectories output, but also the lane change 

output, SSMs, and vehicle type probe output listed in Table 1. 

 

Table 1 Special outputs of simulation in SUMO. 

Special outputs Parameters included 

 Lane change output Vehicle type, time and place when changing lane, 
reason of change, current speed, etc. 

 SSMs TTC, PET, SGAP, TGAP, etc. 
 Vehicle type probe The chosen type and the file path of this specific type. 

* TTC: time to collision; PET: post encroachment time; SGAP: space gap; TGAP: time 

gap 

 

Apparently, these special outputs can be directly used in this thesis and make the data 

processing part much easier. 

In addition to the above two points, the ability to easily modify the models is also an 

advantage. In SUMO, many different models are provided for car-following, lane-

changing and other traffic situations. Some of them are introduced in the next section. 

It is worth mentioning that when the initial models cannot meet the demand, the users 

can easily create a new model and describe it with their own parameters by changing 

the source code. All in all, SUMO is a suitable simulation tool for this thesis. 

2.1.2 Car-following and lane-changing models 

In this thesis, two of the most common and important traffic situations are considered, 

namely car-following and lane-changing. The car following situation basically involves 

two vehicles, the ego vehicle and the preceding vehicle. The longitudinal interaction 

between them are explored. On the other hand, the lane-changing situation focus on the 

lateral behaviours.  
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Figure 3 The car-following situation 

  

 

Figure 4 The lane-changing situation 

In recent years, various of models have been proposed to simulate these two traffic 

situations. Luong [25] has compared different car-following models for microscopic 

simulation in terms of safe distance, stability, and velocity. Zheng et al. [26] did the 

same thing for lane-changing models. In SUMO alone, there are up to fifteen different 

car-following models available, based on different principle, using different 

parameters, e.g., the default Krauss model [19] and the widely used intelligent driver 

model (IDM) [27].In addition, there are some more advanced car-following models, 

such as Adaptive Cruise Control (ACC) model and Cooperative Adaptive Cruise 

Control (CACC) model [28]. For the lane-changing simulation, there are three models 

mentioned in SUMO, and the default one is LC2013 [29]. All these named models are 

going to be briefly introduced and used as basics for modification. 

 

The default Krauss model is the model defined by Stefan Krauß in [19] with some 

modifications. The principle behind it is quite simple, just drive as fast as you can, as 

long as you will not get yourself involved in a collision. To fulfil this goal, a concept 

called safety velocity is proposed, this safety velocity in next time step will be decided 

by the current speed of both vehicles, the reaction time of the ego vehicle driver, and 

the deceleration capacity of the ego vehicle. It can be expressed by the following 

formula. 

𝑣𝑠𝑎𝑓𝑒(𝑡) = 𝑣𝑙(𝑡) +
𝑔(𝑡)−𝑣𝑙(𝑡)𝜏

𝑣̅

𝑏(𝑣̅)
+𝜏

 (2.1) 
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𝑣𝑠𝑎𝑓𝑒(𝑡) is the safety velocity, 𝑣𝑙(𝑡) is the velocity of preceding vehicle, 𝑔(𝑡) is the 

gap to the front vehicle, 𝜏 is the reaction time of the following driver, 𝑣̅ is the velocity 

of ego vehicle and 𝑏(𝑣̅) is the deceleration of ego vehicle. After calculating the safety 

velocity, the driver will choose the minimum value among the safety velocity, the 

maximum velocity of the ego vehicle and the current velocity of the vehicle (𝑣𝑒(𝑡)) 

plus the maximum acceleration. 

𝑣𝑑𝑒𝑠(𝑡) = min [𝑣𝑠𝑎𝑓𝑒(𝑡), 𝑣𝑒(𝑡) + 𝑎, 𝑣𝑚𝑎𝑥] (2.2) 

In order to more realistically simulate human drivers, a disturbance coefficient has been 

added to represent human error. 

 

While the Krauss model is widely used, it has also been questioned in [30] [31]. Treiber 

et al. came up with the IDM in [27] to describe the dynamic of a vehicle in car-following 

situation. The model can be simplified into two ordinary differential equations as 

below: 

𝑥𝑒̇ =
𝑑𝑥𝑒

𝑑𝑡
= 𝑣𝑒 (2.3) 

𝑣𝑒̇ =
𝑑𝑣𝑒

𝑑𝑡
= 𝑎(1 − (

𝑣𝑒

𝑣0
)

𝛿

− (
𝑠∗(𝑣𝑒,∆𝑣𝑒)

𝑠𝑒
)

2

) (2.4) 

With 𝑠𝑒 = 𝑥𝑙 − 𝑥𝑒 − 𝑙;  ∆𝑣𝑒 = 𝑣𝑒 − 𝑣𝑙;  𝑠 ∗ (𝑣𝑒 , ∆𝑣𝑒) =  𝑠0 + 𝑣𝑒𝑇 +
𝑣𝑒 ∆𝑣𝑒

2√𝑎𝑏
. 

𝑠𝑒 is the gap distance, 𝑥𝑙 is the position of preceding vehicle and 𝑥𝑒 is the position of  

ego vehicle,  𝑣𝑒 is the speed of ego vehicle and  𝑣𝑙 is the speed of preceding vehicle, l 

is the length of preceding vehicle, 𝑣0 is the desired velocity of ego vehicle, 𝑠0 is the 

minimum spacing ahead, 𝑇 is the desired time headway, 𝑎 is the maximum vehicle 

acceleration, b is the comfortable braking deceleration and 𝛿  is an acceleration 

exponent. Obviously, more parameters are taken into consideration in this model 

compared to Krauss model, and Pourabdollah et al. [32] have shown that IDM replicates 

driving behaviours better than Krauss model. In this thesis, the car-following model for 

human-operated vehicles is modified based on IDM. 

 

In addition to these two models, SUMO also provides other car following models, such 

as ACC and CACC, which can actively control the speed of the vehicle independently 

of the driver's behaviour [33]. This allows them to be used to represent autonomous 

vehicles to some extent in the simulation of SUMO. Their control modes are the same, 

as shown in Table 2. The difference between CACC and ACC is that CACC added the 

communication part of V2V and V2I, which makes the traffic safer and more stable.  

 

As mentioned earlier, the default lane-changing model in SUMO is LC2013. It is 

developed by Erdmann in [29] based on DK2008 model [35]. It divides the lane changes 

into four types (i.e., strategic change, cooperative change, tactical change and 

regulatory change) according to the motivation of the manoeuvres, and represents them 

separately. In addition to some vehicle and traffic parameters, such as vehicle 

acceleration and lateral gap, parameters about eagerness are also used in this model to 

reflect the driver's willingness to change lanes.  
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Table 2 Control modes of ACC and CACC [34]. 

Control modes Aim Active if 

Speed control mode Maintain the pre-defined 
desired speed 

TGAP > 2 s or no 
preceding vehicle 

Gap control mode Maintain a constant time gap gap and speed 
deviations are 

smaller than 0.2 m 
and 0.1 m/s 

Gap-closing control 
mode 

Enable the smooth transition 
from speed control mode to gap 

control mode 

 
TGAP < 1.5 s 

Collision avoidance 
control mode 

 
Prevent rear-end collisions 

TGAP < 1.5 s and 
gap deviation is 

negative 

 

2.2 Impacts of involved vehicle types 

Studies have shown that the involved vehicle types in car-following and lane-changing 

situations have significant impacts on the drivers’ behaviours, which means that if the 

models want to reflect the real situations, then these impacts should be taken into 

account. Based on the analysis of naturalistic driving data, many impacts have been 

proposed. Those involving the four combinations in the situations considered in this 

thesis are summarized in Table 3 and Table 4. 

 

Table 3 Studies on car-following situation 

References 
Involved 

parameters 
Conclusions 

Sayer et al. [36] DHW CC > CT 
THW CC > CT 

Ye et al. [37] THW TT > TC > CT > CC 

Hoogendoorn et al. [38] THW CT > CC 
TT>TC 

Aghabayk et al. [39] DHW TT > TC > CT >CC (v>30Km/h) 

TT > CT > TC >CC (v<30Km/h) 

THW Same as DHW 

Reaction time TT > TC =CT >CC 

Sarvi et al. [40] DHW CT > TC >CC 

 

From the listed studies on car-following situation, most of them reported that the 

existence of truck will make time headway (THW) or distance headway (DHW) larger, 

which makes TT have the largest value. Meanwhile, there are a few studies that hold 

opposite opinions. The former view says that larger lengths and lower braking 

capabilities of trucks have led to this result [37]. The latter view argues that the smaller 

braking rate of the truck will make the following car feel that they have more time to 

deal with the emergency, thus shortening the following distance [36]. There are also 
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different opinions regarding the two combinations of CT and TC. Some studies suggest 

that the situation will change with the speed of ego vehicle as shown in Table 3. 

 

Table 4 Studies on lane-changing situation 

References Conclusions 

Moridpour [33] Heavy vehicles have a larger front space gap than 
passenger cars.  

Passenger cars do more lane changings to gain 
speed. 

The heavy vehicle drivers mostly move into the 
slower lane and the passenger car drivers mainly 
move into the faster lane during the lane changing 
maneuver.  

 Aghabayk et al. [42] As vehicle length increases, the minimum 
available gap accepted by vehicles gets larger.  

 

For the lane-changing situation, the current studies focus more on the ego vehicle type 

instead of the types of all involved vehicles. In terms of lane-changing maneuvers, the 

truck drivers tend to maintain a larger front space gap than passenger car drivers when 

changing to the target lane. As for the motivation of lane-changing, passenger car 

drivers change lanes more often than truck drivers to gain speed, while the truck drivers 

conduct more cooperative lane-changing to make way for faster vehicles behind. 

 

These impacts mentioned above will be used as a guideline to help to modify the 

models. 

2.3 HighD dataset  

After the models are modified, some real-world traffic data is needed for the calibration 

of the modified models. For this thesis, the highD dataset [44] is selected for the 

following reasons. 

 

The highD dataset are naturalistic vehicle trajectories recorded on German highway 

using drone or Unmanned Aerial Vehicle (UAV). It contains a large quantity of vehicles 

and different traffic situations. Many cases of the four vehicle combinations that this 

thesis focuses on can be found in the database. A preliminary statistical analysis 

indicates that it contains 79,000 CC cases, 8,700 CT cases, 8,100 TC cases and 13,000 

TT cases.  

 

 

Figure 5 The visualization of highD dataset 
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The database consists of 60 recordings, which were recorded at different times and on 

different roads. But what they have in common is that they were all recorded on the 

highway, and the traffic flows include two types of vehicles, cars and trucks. Each 

recording consists of four files. In addition to an image showing the overview of the 

recording location, it also contains xx_recordingMeta.csv, xx_tracks.csv, 

xx_tracksMeta.csv (xx is the file serial number). The trackMeta file contains some 

general information about the record, such as its serial number, location, start time and 

duration of the record, the total covered driving distance and time, the total number of 

cars and the number of trucks. The track file records the traffic situation of each vehicle 

frame by frame, including the vehicle ID, the location of the vehicle in each frame, its 

real-time lateral and longitudinal speed and acceleration, and its current DHW, THW, 

TTC, the ID of the vehicle it follows, and the lane number where it is located. From 

this file, a lot of useful information related to the car-following situation and lane-

changing situation can be obtained. The track meta file is like a summary of each 

vehicle in the record. It contains the vehicle ID, the corresponding width and height, 

the type of vehicle, the first frame in which the vehicle appears, and the last frame in 

which the vehicle disappears. In addition, the file also presents the minimum, maximum 

and average longitudinal speed, the minimum DHW, the minimum THW, the minimum 

TTC and the number of lane changes. Obviously, this file also contains a lot of 

information that can be directly used in the calibration part. 

 

From the above, it is not hard to find that in addition to a large scale, another good thing 

about the database is the enriched data. A lot of useful information is pre-extracted, 

including metrics like THW and TTC, and the driven manoeuvres, for instance, lane 

changes. Meanwhile, the visualization also makes data extraction and analysis more 

intuitive. 

2.4 Surrogate safety measures 

Since SUMO is an accident-free simulator, it is not convenient to count the number of 

accidents to evaluate the safety, which means some other measurable indicators should 

be used to indicate traffic safety. In this thesis, it is the number of conflicts that plays 

this role. The term “traffic conflict” is defined by Amundsen & Hyden in [45]:  

 

“A traffic conflict is an observable situation in which two or more road users approach 

each other in space and time to such an extent that there is a risk of collision if their 

movements remain unchanged.” 

 

From the definition it is easy to tell, that number of traffic conflicts can represent the 

safety of traffic when the accident (or collision) number is not available. By setting an 

appropriate threshold for Time to Collision (TTC), the potential traffic conflicts can be 

identified. TTC is defined as the time interval, usually measured in seconds, required 

for one vehicle to strike another object [46] which is the preceding vehicle in the case 

of car-following and lane-changing. It can be described in a formula using the 

parameters in Figure 3 as below: 

𝑇𝑇𝐶 =
𝑥𝑙−𝑥𝑒−𝑙

𝑣𝑒−𝑣𝑙
, 𝑤ℎ𝑒𝑛 𝑣𝑒 − 𝑣𝑙 > 0 (2.5) 

 

In some studies [5] [41], the max below 1.0 or 1.5 seconds is regarded as the trigger to 

record a conflict, but in [50], 3.0 seconds is used as the threshold for emergency braking 

. However, if only one measure is used to determine conflict, it may cause some biases, 
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so another measure, deceleration rate to avoid a crash (DRAC), is also applied. Using 

the mentioned parameter in Figure 2, DRAC can be represented as below: 

𝐷𝑅𝐴𝐶 =
(𝑣𝑒−𝑣𝑙)2

2(𝑥𝑙−𝑥𝑒−𝑙)
, 𝑤ℎ𝑒𝑛 𝑣𝑒 − 𝑣𝑙 > 0 (2.6) 

A certain value of 3.4 𝑚/𝑠2 or 3.35 𝑚/𝑠2 has been widely used as the threshold for 

DRAC [23]. 
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3 Methodology 

In this chapter, the methodology of this master thesis is introduced in detail, including 

the acquisition of the modified models before the simulation, the heterogeneous 

simulation with the modified models, and the analysis of the results after the simulation. 

The acquisition of the model part consists of the modification and verification of 

models. 

3.1 Modification of models 

There are many different ways to modify the driving models based on existing models 

in SUMO, including adding new parameters, modifying the principles behind the 

models, and setting more reasonable values for current parameters, etc. Out of 

consideration for the workload and convenience, the third method should be given 

priority to see if the model can be modified. If not, then adding new parameters or 

directly changing the principles behind the model should be considered. 

 

It is mentioned in Section 2.1.2 that IDM and LC2013 are selected as the basis for the 

car-following model and the lane-changing model of human-operated vehicles, 

respectively. Some of their parameters and corresponding definitions are listed in Table 

5. 

 

Table 5 Some parameters of IDM and LC2013 [17] 

Model Parameter Definition 
 
 

           
            IDM 

minGap Minimum Gap when standing (m) 
accel the acceleration ability (m/s^2) 
decel the deceleration ability (in m/s^2) 

emergencyDecel The maximum deceleration ability in 
case of emergency (in m/s^2) 

tau the driver's desired (minimum) time 
headway 

 
 
 
 

LC2013 

lcStrategic the eagerness for performing 
strategic lane changing 

lcCooperative the willingness for performing 
cooperative lane changing 

lcSpeedGain the eagerness for performing lane 
changing to gain speed 

lcAssertive Willingness to accept lower front and 
rear gaps on the target lane 

 
It can be easily found that there are already several parameters that can be used to reflect 

the summarized impacts of vehicle types. The goals are supposed to be achieved by 

setting the values of existing parameters reasonably. From the summary in Section 2.2, 

three main conclusions can be drawn as below: 

1. Truck drivers tend to maintain a larger THW/DHW than passenger car drivers 

in car-following situation. 

2. Passenger car drivers tend to change lanes more often to gain speed than truck 

drivers. 

3. The truck drivers tend to maintain a larger front gap distance than passenger car 

drivers when changing to the target lane. 
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These three conclusions can be realized by the following settings in IDM and LC2013： 

1. Set a larger tau value for trucks in IDM. 

2. Set a smaller lcSpeedGain value for trucks in LC2013. 

3. Set a smaller lcAssertive value for trucks in LC2013. 

 

3.1.1 Parameter setting for IDM 

The first step is to separately set the mentioned IDM parameters for cars and trucks in 

SUMO. From [47], the default parameter values corresponding to each vehicle type can 

be obtained. For cars, the minGap is set to 2.5 m, the acceleration ability is set to 2.9 

𝑚/𝑠2while the deceleration ability is 7.5 𝑚/𝑠2. The emergency deceleration ability is 

set to 9.0 𝑚/𝑠2. As for the trucks, their acceleration ability, deceleration ability, and 

emergency deceleration ability are set to 1.2 𝑚/𝑠2 , 4.0 𝑚/𝑠2 , and 7.0 𝑚/𝑠2 , 

respectively. 

 

Table 6 Setting of some IDM parameters 

parameter car truck 
minGap 2.5 m 2.5 m 

accel 2.9 𝑚/𝑠2 1.2 𝑚/𝑠2 
decel 7.5 𝑚/𝑠2 4.0 𝑚/𝑠2. 

emergencyDecel 9.0 𝑚/𝑠2 7.0 𝑚/𝑠2. 

 

The next part is the setting of Tau value. In this thesis, two methods are proposed to 

determine an approximated value, and several groups are set above and below this value 

to further determine the most suitable value. The first method is to refer to the existing 

simulation settings. In the online interactive traffic simulation [48] created by Martin 

Treiber, he also chose IDM to simulate the driving of cars and trucks on the highway. 

He chose 1.5 seconds as the Tau value of the car and 1.7 seconds as the Tau value of 

the truck. This setting is used as one of the basic values (set 2 in Table 8). 

 

Another method is to obtain the relevant values from the highD dataset. According to 

the definition of Tau value, it represents the driver's desired (minimum) time headway. 

This value can be obtained from the whole dataset through statistical methods. As 

mentioned in Section 2.3, the track file and trackMeta file contain all the necessary 

information to identify the car-following situations of each vehicle in the traffic. This 

makes it possible to analyse the THW distribution during the car-following situations. 

Considering the impact of involved vehicle types on the drivers’ driving behaviours, all 

car-following situations in highD dataset are first classified according to those four 

combinations mentioned in Section 1.3, and then their THW data are extracted 

separately. The distributions of their minimum THW are shown in Figure 6-9. 
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Figure 6 The distribution of minimum car-following-car THW in highD 

 

 

Figure 7 The distribution of minimum car-following-truck THW in highD 
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Figure 8 The distribution of minimum truck-following-car THW in highD 

 

 

Figure 9 The distribution of minimum truck-following-truck THW in highD 
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After implementing a kernel density estimation and putting the results together, the 

distributions of all four combinations are shown in Figure 10. 

 

 

Figure 10 The distribution of minimum THW in highD 

 
In order to better understand the THW selected by drivers in the process of following a 

vehicle, the same method is applied to study the mean THW and maximum THW. The 

results are shown in Figure 11 and Figure 12, respectively. 

 

 

Figure 11 The distribution of mean THW in highD 
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Figure 12 The distribution of maximum THW in highD 

 

It can be drawn from the Figure 10, 11, 12 that values with highest probability density 

and their corresponding standard deviations in the minimum, maximum and mean 

values are shown in Table 7.  

 

Table 7 Values with highest probability density 

Combination   Maximum SD Minimum SD Mean SD 
CC 1.50 s 2.42 1.08 s 2.41 1.28 s 2.40 
CT 2.24 s 2.81 1.42 s 2.77 1.73 s 2.77 
TC 2.33 s 2.85 1.43 s  2.87 1.97 s 2.82 
TT 2.33 s  3.12 1.75 s 3.12 2.02 s 3.10 

 

It can be seen from Table 7 that the results obtained from the highD dataset are 

consistent with the aforementioned research results of [36] [37] [38]. Among the THW 

values of those four combinations, TT > TC > CT > CC. This further verifies that the 

types of involved vehicle in traffic situation do have an impact on the driver’s driving 

behaviour. After obtaining these data, 1.50 seconds and 2 seconds were selected as the 

Tau value of the car and the Tau value of the truck in another basic set (set 3 in Table 

8). Based on these two sets of basic values, another two sets are expanded upwards and 

downwards to obtain the initially selected Tau value in IDM parameters, as shown in 

Table 8.  
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Table 8 Selected Tau value in IDM 

 Tau for car Tau for truck 
Set 1  1.50 s 1.50 s 
Set 2  1.50 s 1.70 s 
Set 3 1.50 s 2.00 s 
Set 4 1.50 s 2.30 s 

3.1.2 Parameter setting for LC2013 

After setting up the following model, the parameters in the lane-changing model 

LC2013, such as lcSpeedGain and lcAssertive, also need to be set to obtain a more 

reasonable lane-changing situation. From the data obtained from highD dataset, there 

are 14 lane changes per 100 cars and 6 lane changes per 100 trucks. But with the default 

parameter settings, the number of lane changes will be much smaller than the real data. 

Therefore, each set of parameters in car-following model need to be correspondingly 

assigned appropriate parameters in lane-changing model. After many adjustments, the 

appropriate parameter settings are listed in Table 9. 

 

Table 9 Parameters in IDM and LC2013 

 𝑡𝑎𝑢𝑐 𝑡𝑎𝑢𝑡 𝑙𝑐𝑆𝐺𝑐 𝑙𝑐𝑆𝐺𝑡 𝑙𝑐𝐴𝑐 𝑙𝑐𝐴𝑡 

Set 1 1.5 1.5 3.1 2.0 3.0 1.0 

Set 2 1.5 1.7 3.1 2.0 3.8 2.0 

Set 3 1.5 2.0 2.4 3.0 4.1 1.5 

Set 4 1.5 2.3 3.1 2.0 3.4 1.5 

*lcSG: lcSpeedGain; lcA: lcAssertive 

 

3.1.3 Other parameter settings  

After setting the parameters of the car-following model and lane-changing model, the 

new model is expected to reflect the real driving behaviours more realistically. But for 

a human-operated vehicle, there is another important factor that affects the driving 

behaviours, that is driving imperfection caused by human drivers. In order to reflect the 

difference between autonomous vehicles and human-operated vehicles in 

heterogeneous traffic simulation, driving imperfection needs to be added to the model. 

 

To achieve that, the model is equipped with Driver State Device, which is a generic 

mechanism provided by SUMO to introduce driving errors to the car-following and 

lane-changing models. The related parameter settings are shown in Table 10, and their 

specific meanings are listed in the appendix. This set of parameters has been proved to 

be effective in representing possible driving errors in [49], so as to better simulate the 

actual driver driving situation.  

 

The autonomous vehicles in the simulation are represented using two different types of 

model. The first one is zero-error IDM. It is the default IDM without adding driving 

errors. The default value of desired (minimum) THW is 1 second, which is lower than 

the value set for conventional human-operated vehicles. Not only that, in order to reflect 

the perfect driving of autonomous vehicles, the speed factor in the model is set to 1, 

and speed deviation is set to zero. The difference in this respect can roughly reflect the 
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difference between autonomous vehicles and conventional human-operated vehicles in 

the real situation. This model emphasizes the perfect driving ability of each autonomous 

vehicle. The second one is CACC model introduced in Section 2.1.2. Different from 

the zero-error IDM, it not only ensures the excellent driving ability of each autonomous 

vehicle, but also includes V2V and/or V2I communication. This makes each 

autonomous vehicle no longer a separate individual, but can exchange information with 

other autonomous vehicle and influence each other. It can be seen from [51] that when 

simulating an autonomous vehicle and a human-operated vehicle in the same traffic 

scene, if the vehicle type is the same, then their acceleration, deceleration, and 

emergency deceleration can be set to be basically the same , The only difference is that 

a different model is selected, and the AV driver’s imperfection is set to zero. Therefore, 

when setting the parameters of the CACC model, the acceleration, deceleration and 

emergency deceleration used by the human-operated vehicle are retained, and the 

imperfection and speed deviation are set to 0. 

 

Both models are used in heterogeneous traffic simulation separately to observe their 

impact on traffic safety and efficiency. Their results are also compared with each other 

to see the difference.  

 

Table 10 Parameters of driver state device in SUMO 

Parameter Value 

initialAwareness 1.1 

errorTimeScaleCoefficient 100 

errorNoiseIntensityCoefficient 0.5 

speedDifferenceErrorCoefficient 1 

headwayErrorCoefficient 4 

speedDifferenceChangePerceptionThreshold 1 

headwayChangePerceptionThreshold 1 

 

3.2 Calibration of models 

After setting all the parameters and obtaining a new model, an important step is to 

calibrate it with real driving data. In this section the calibration process of the model is 

introduced. After this process, a set of parameters closest to the actual situation is 

selected. 

3.2.1 Driving data 

As mentioned before, the data used for calibration are from the highD dataset. This 

database contains real driving data, including 110,000 vehicles and a driving distance 

of 45,000 km. Taking into account the computation and simulation time, this calibration 

does not use all the data, but part of the data obtained from it, which are the first two 

files in this case. They include in total 2160 vehicles. The data obtained from them is 

mainly divided into two parts, the initial driving states of the vehicle, and the driving 

statistics. The initial driving states of the vehicle includes the type of vehicle, the initial 

speed, the initial position, the starting lane and the direction of driving. These data are 

used as inputs for SUMO simulation to rebuild the driving situation in the database as 

realistic as possible. The driving statistics are composed of driving speed, the smallest 

TTC and the number of lane changes of each vehicle, etc. They are used to evaluate 
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whether the simulation results are close enough to the actual observed data as described 

below. 

 

Table 11 Data extracted from highD dataset and corresponding parameters in SUMO 

Extracted data Specific information Parameter in SUMO 

 

 

Initial driving states 

type of vehicle type 

initial speed departSpeed 

initial position departPos 

starting lane departLane 

driving direction route 

 

 

Driving statistics 

minimum speed minXVelocity 

maximum speed maxXVelocity 

mean speed meanXVelocity 

minimum TTC minTTC 

number of lane changes numLaneChanges 

3.2.2 Performance indicators 

In the modification section, the method of modifying the model by setting appropriate 

parameters has been selected. The next task is to solve the problem of how to determine 

an appropriate set of parameters. As we know, the results of simulation will change 

with the change of parameters’ value, and by evaluating the simulation result, it can be 

shown whether the model under this set of parameters can simulate the actual situation 

well. When the errors between the simulated value and the observed value is small 

enough, this set of parameters can be considered as a good one that can reflect the actual 

situation. The role of performance indicators is to make errors intuitively clear and 

comparable.  

 

For this driving model, the car-following situation, lane change situation and safety-

related situation during driving all need to be taken into account. Therefore, three 

performance indicators, consisting of a speed performance indicator, number of lane 

changes and number of conflicts, are proposed to illustrate the performance in terms of 

these three aspects. Speed is a significant factor affecting traffic. Hence, its value is 

expected to be as close as possible to the actual data. If the speed of each vehicle at 

each time step is extracted and compared, the amount of data to be processed will be 

extremely large, and it’s not necessary to make the model to perform exactly like the 

vehicle in HighD at every single time step. So, in this thesis, the mean speed, instead 

of speed at every single time step is extracted and compared and the speed performance 

indicator is defined as the root mean square error, RMSE, of each vehicle’s mean speed, 

shown in the following formula: 

𝑃𝐼 = 𝑅𝑀𝑆𝐸𝑚𝑒𝑎𝑛                                                    (3.1) 

The root mean square error between the measured value, 𝑥𝑎, and the simulated value, 

𝑥𝑎̅̅ ̅, is defined as 𝑅𝑀𝑆𝐸𝑥 =  √
∑  (𝑥𝑎−𝑥𝑎̅̅ ̅̅ )2𝑛

𝑎=1

𝑛
, The 𝑎 and 𝑛 in the RMSE formula refer to 

the vehicle index and the total number of vehicles respectively. The measured value 

here is the mean speed of each vehicle extracted from HighD dataset, and the simulated 

value is the mean speed in the whole simulation run of each vehicle. In the case where 

the initial speed has been input in advance, this performance indicator can represent to 

some extent the speed change during the driving process. The lower the value, the closer 

the speed change in the simulation is to the realistic situation. In addition, by comparing 
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the simulated and actual number of lane change, one can directly recognize whether the 

model can reflect the actual situation in terms of lane changes. Similarly, by comparing 

the number of conflicts, which is defined here as the case where TTC is less than 3.0 

seconds, it can be determined whether the model can reflect traffic safety of realistic 

traffic. 

3.2.3 Parameters setting and calibration results 

As mentioned earlier, there are a total of six parameters that need to be set, namely the 

Tau value in IDM for truck (𝑡𝑎𝑢𝑡) and for passenger car (𝑡𝑎𝑢𝑐), and the values of 

lcSpeedGain and lcAssertive in LC2013 for truck (𝑙𝑐𝑆𝑝𝑒𝑒𝑑𝐺𝑎𝑖𝑛𝑡 and 𝑙𝑐𝐴𝑠𝑠𝑒𝑟𝑡𝑖𝑣𝑒𝑡) 

and for passenger car (𝑙𝑐𝑆𝑝𝑒𝑒𝑑𝐺𝑎𝑖𝑛𝑐 and 𝑙𝑐𝐴𝑠𝑠𝑒𝑟𝑡𝑖𝑣𝑒𝑐). The tau value represents the 

driver’s desired (minimum) time headway, lcSpeedGain represents the driver’s 

eagerness for performing lane changing to gain speed, and lcAssertive represents the 

driver’s willingness to accept lower front and rear gaps on the target lane. The default 

value for tau is 1.0 second and the adjustable range is 𝑡𝑎𝑢 ≥ 0. The default value for 

lcSpeedGain and lcAssertive is 1.0 and the range is from 0 to infinity. Based on the 

conclusions previously summarized, 𝑡𝑎𝑢𝑡 should be larger than 𝑡𝑎𝑢𝑐, 𝑙𝑐𝑆𝑝𝑒𝑒𝑑𝐺𝑎𝑖𝑛𝑡 

should be smaller than 𝑙𝑐𝑆𝑝𝑒𝑒𝑑𝐺𝑎𝑖𝑛𝑐  while 𝑙𝑐𝐴𝑠𝑠𝑒𝑟𝑡𝑖𝑣𝑒𝑡  should be smaller than 

𝑙𝑐𝐴𝑠𝑠𝑒𝑟𝑡𝑖𝑣𝑒𝑐 . In order to get a better set of parameters, several sets of different 

parameters are set up for comparison as shown in Table 9.  

 

To more intuitively see the difference between the model with default parameters and 

the modified model, a set of default parameters (set 5 in Table 8) is also added, so a 

total of five sets of parameters are used for simulation and their performance indicators 

are compared. 

Table 12 Parameters used for simulation 

 𝑡𝑎𝑢𝑐 𝑡𝑎𝑢𝑡 𝑙𝑐𝑆𝐺𝑐 𝑙𝑐𝑆𝐺𝑡 𝑙𝑐𝐴𝑐 𝑙𝑐𝐴𝑡 

Set 1 1.5 s 1.5 s 3.1 2.0 3.0 1.0 

Set 2 1.5 s 1.7 s 3.1 2.0 3.8 2.0 

Set 3 1.5 s 2.0 s 2.4 3.0 4.1 1.5 

Set 4 1.5 s 2.3 s 3.1 2.0 3.4 1.5 

Set 5 1.0 s  1.0 s 1.0 1.0 1.0 1.0 

 

Before calculating the RMSE for each set, there is a quick way to judge whether the 

speed distributions of cars and trucks in the simulation results are consistent with the 

actual situation, and that is to use the statistical methods. Firstly, the mean speed for 

each vehicle in the part of the highD database used for calibration is extracted, and the 

speed distribution is shown in Figure 13. Then, a Shapiro-Wilk test is used to determine 

that the two distributions in Figure 13 do not conform to the normal distribution. So 

after the simulation of each set is completed, Kolmogorov-Smirnov tests between real 

data and simulation results are conducted. Kolmogorov-Smirnov tests’ results are listed 

in Table 13. From the table it’s easy to tell that they all have a very low P value, which 

means the mean speed distribution in all the simulation results is not from the same 

distribution of highD dataset. It makes sense because it's always hard to use simulation 

to fully rebuild the reality. This makes it necessary to use 𝑅𝑀𝑆𝐸𝑚𝑒𝑎𝑛                                                     
to determine which set can bring better speed simulation results. 
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Figure 13 The distribution of mean speed in the selected part of highD dataset 

 

Table 13 Kolmogorov-Smirnov test result for each set 

 𝑆𝑒𝑡 1 𝑆𝑒𝑡 2 𝑆𝑒𝑡 3 𝑆𝑒𝑡 4 𝑆𝑒𝑡 5 

Statistic 0.12945 0.29796 0.21283 0.17959 0.06822 

P value 5.19E-13 4.14E-67 1.90E-34 1.19E-24 0.0006385 

 

 

 
 

Figure 14 The speed performance indicator (RMSE) for each sets of parameters 

After running the simulation in SUMO, their corresponding performance indicators are 
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shown in Figure 14, 15 and 16. As can be seen from Figure 14, the model with the 

default values performs well in terms of speed simulation. The selected parameters will 

more or less increase the error in speed simulation. But among all 5 sets, the difference 

between them is relatively small. 

 

 
 

Figure 15 The number of lane-changing for each sets of parameters 

 

As Figure 15 shown, the default model performs very poorly when simulating lane 

changes. The simulated vehicles did not conduct any lane-changing operations while in 

the realistic data, there are many lane-changings. In the remaining four sets of 

parameters, the number of lane changes simulated by set 4 is the closest to the actual 

number of lane changes, and the other three sets have obvious differences. 

 

 
 

Figure 16 The number of conflicts for each sets of parameters 
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It can be seen from Figure 16 that in terms of simulated conflicts, the model with default 

parameters still performs poorly, similar to the situation when simulating lane changes, 

it does not record any conflicts, which is very inconsistent with the actual situation. The 

results of other four sets are very different. Set 2 and set 4 are closer to the real situation, 

while set 1 has too many conflicts and set 3 has too few. 

 

This result proves that if the default model is used for heterogeneous traffic simulation 

without modification, it will inevitably bring large differneces due to the poor 

performance in terms of lane-changing and safety aspects. Compared with the default 

model, all of the four sets of selected parameters have reduced the errors in lane-

changing and conflicts to a certain extent, and the result of set 4 is most consistent with 

the realistic data in terms of lane-changing and safety. In other words, set 4 achieves a 

significant reduction in differences in terms of lane-changing and conflicts without 

adding large difference in speed simulation. 

 

In general, the calibration results prove that by selecting appropriate parameters, the 

errors in traffic simulation can be effectively minimized, thus achieving the goal of 

modifying the model. Through the calibration process, an appropriate set of parameters 

for simulation human-operated vehicles is obtained and it is going to be used for 

subsequent heterogeneous traffic simulation. 

 

3.3 Heterogeneous traffic simulation  

3.3.1 Simulation settings 

After the modified and calibrated model is obtained, it can be used in the heterogeneous 

traffic simulation to explore the impact of autonomous vehicles on traffic safety and 

efficiency.  

 

In the simulation, the selected road segment is a straight 4-lane segment with a length 

of 420 meters, which is consistent with the segment used in calibration. There are two 

reasons for this choice. One reason is that the modified model has been verified in the 

calibration process that its performance on this segment is very close to the real 

situation. The second reason is that although this is a quite simple road scenario, the 

traffic on it includes all the traffic situations needed to be considered, including car-

following situation, lane-changing situation and potential conflicts.  

 

The traffic load in the simulation is set to 4000 vehicles for each run. A python script 

is written to randomly generate the traffic load. By inputting the desired penetration 

rate of autonomous vehicles, the script can generate vehicles according to the rate. The 

output consists of 4000 vehicles, with randomly selected vehicle types, random initial 

speed, random initial lane and driving direction. These data are output according to a 

pre-set format, so that they can be directly applied to the simulation inputs. Among all 

the autonomous vehicles and human-operated vehicles, the ratio of trucks to cars is set 

to 1:4, and this value is extracted from the highD dataset. For instance, when the input 

penetration rate of autonomous vehicles is 0.7, the generated traffic load will include 

480 human-operated cars, 120 human-operated trucks, 1,120 autonomous cars, and 280 

autonomous trucks. In order to eliminate the possible errors caused by randomly 

generated traffic flow, each penetration rate will go through 100 runs.  
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Figure 17 A screenshot of the heterogeneous traffic simulation in SUMO (blue: 

conventional car; green: autonomous car; red: conventional truck; yellow: 

autonomous truck) 

 

3.3.2 Simulation outputs 

As mentioned in the Section 2.1.1, there are several output files after each run of 

simulation, including the lane-changing file, SSMs file and a full-output file containing 

information about every edge, lane, vehicle and traffic light for each time step. From 

these files, necessary information needs to be extracted to evaluate the safety and 

efficiency of traffic. 

 

The traffic safety is evaluated using the number of conflicts. In this thesis, TTC and 

DRAC are the criteria used to identify potential conflicts.  The threshold for TTC is 3.0 

seconds, and for DRAC 3.4 𝑚/𝑠2. Every time the actual value exceeds the threshold, 

a record is written in the SSMs file. So, it is easy to get the number of conflicts.  

 

While obtaining the number of conflicts, some other information can also be acquired 

to evaluate the efficiency of traffic. In this case, it is the number of lane-changing and 

traffic flow value. The number of lane-changing can be directly counted in lane-

changing file, and the traffic flow value T can be calculated using the following formula: 

𝑇 =
4000

𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒
  × 3600 (vehicle per hour)                                 (3.2) 

The simulation time can be extracted from the full-output file. 
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4 Results 

In this chapter, the results of the simulation are displayed, including the impacts of the 

two autonomous vehicle models mentioned above on traffic safety and efficiency at 

various penetration rates, and the comparison of their results. The possible reasons for 

the results are also discussed in this chapter. 

4.1 Results of zero-error IDM 

The heterogeneous traffic simulation requires both traditional human-operated vehicle 

model and autonomous vehicle model. When the human-operated vehicle model is the 

modified IDM and the autonomous vehicle model is zero-error IDM, the results are 

shown as following figures.  

 

 
Figure 18 Average number of potential conflicts identified by TTC (zero-error IDM) 

 

 
Figure 19 Average number of potential conflicts identified by DRAC (zero-error 

IDM) 

 

It can be seen from the above two figures that when the applied autonomous vehicle 

model is zero-error IDM, as the penetration rate of autonomous vehicle increases, the 

number of potential conflicts is gradually decreasing, whether it is data obtained 

through TTC or DRAC. It means that with more autonomous vehicles in traffic, traffic 

safety has been gradually improved. 
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Figure 20 Average number of lane-changing (zero-error IDM) 

 
 

 
 

Figure 21 Average traffic flow value (zero-error IDM) 

 
Figure 20 shows that as the penetration rate increases, the number of lane-changing in 

traffic is gradually reduced. Combined with the continuous increase in traffic flow value 

shown in Figure 21, it can be found out that when there are more autonomous vehicles 

in traffic, the traffic efficiency is higher. 

 

4.2 Results of CACC model 

When the implemented autonomous vehicle model is changed to the CACC model 

and run all the simulations again, the results obtained are as follows. 
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Figure 22 Average number of potential conflicts identified by TTC (CACC) 

 
 

 
Figure 23 Average number of potential conflicts identified by DRAC (CACC) 

 
It can be seen from Figure 22 and Figure 23 that when the penetration rate is within a 

low level, the existence of autonomous vehicles does not improve traffic safety, but on 

the contrary makes it worse. As the penetration rate increases, the degree of this 

deterioration on safety is still increasing. This deterioration is gradually eliminated after 

the penetration rate is higher than 0.5. Compared to the initial safety state when there 

are no autonomous vehicles, traffic safety improves only when the penetration rate 

exceeds 0.8 or 0.9. 
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Figure 24 Average number of lane-changing (CACC) 

 
 

 
 

Figure 25 Average traffic flow value (CACC) 

 
Combining the information expressed in Figure 24 and Figure 25, the autonomous 

vehicles represented by the CACC model can greatly improve traffic efficiency, and as 

the penetration rate increases, traffic efficiency continues to improve. 

 

4.3 Results comparation 

As introduced in Section 3.1.3, The two models zero-error IDM and CACC model can 

be regarded as representing two types of autonomous vehicles. The former emphasizes 

the improvement of each vehicle's own independent driving ability without involving 

communication between autonomous vehicles. The latter not only improves the driving 

strategy, but also adds V2V and V2I communication, which means that the vehicle will 

be affected by other autonomous vehicles. When putting the simulation results of the 

two autonomous vehicle models together, the differences between them can clearly be 

seen. 
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In the following figures, each contains two solid lines connecting all the mean values 

and box plots based on all the result data. The former help us see the trend, and the 

latter can help us better observe the consistency of the results. The box represents the 

interquartile range (IQR, 25th percentile to 75th percentile), the middle line in the box 

represents the median, and the whiskers represent 1.5*IQR. 

 

 
 

Figure 26 Box plot and mean value (blue and red lines) of number of potential 

conflicts identified by TTC 

 
 

Figure 27 Box plot and mean value (blue and red lines) of number of potential 

conflicts identified by DRAC 
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From Figures 26 & 27, it’s obvious that the zero-error IDM is much better than the 

CACC model in improving traffic safety. No matter when the penetration rate is low or 

high, the traffic safety of IDM is far better than that of CACC model. Especially when 

the penetration rate is in a high level, the IDM can reduce the number of potential 

conflicts to a very low level, while the CACC model present a slightly better result than 

the initial state without any autonomous vehicles. From the box plots, the distributions 

of both are relatively extensive, which reflects the inconsistency of the results. 

 

 
 

Figure 28 Box plot and mean value (blue and red lines) of number of lane-changing 

 
 

Figure 29 Box plot and mean value (blue and red lines) of traffic flow 
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Although the CACC model is not effective in improving traffic safety, it is far superior 

to zero-error IDM in improving traffic efficiency. With the increase in penetration rate, 

although both models help to continuously improve traffic efficiency, the CACC model 

always maintains a greater advantage. 

 

From the perspective of the consistency of the results, it can be seen from Figures 28 & 

29 that in terms of lane-changing, the performance of the CACC model is much more 

consistente than that of the zero-error IDM, but from the perspective of traffic flow, 

both are widely distributed. 

 

One possible reason for the difference in traffic safety and efficiency between the two 

models is that the CACC model can be influenced by other autonomous vehicles 

because of the existence of V2V communication. When the penetration rate of 

autonomous vehicles is low, there are not many autonomous vehicles in traffic, so V2V 

communication may not be much, and it may be affected by traditional human-operated 

vehicles in the surrounding environment. This leads to a deterioration on traffic safety. 

Until the penetration rate of autonomous vehicles exceeded half, V2V communication 

begins to become more frequent and the interference received is reduced, so it begins 

to play a positive role in improving traffic safety. The excellent performance of the 

CACC model in improving traffic efficiency can also be explained by this reason. Due 

to the existence of V2V communication, autonomous vehicles can obtain additional 

information from other vehicles, avoiding a lot of unnecessary lane-changing or 

overtaking manoeuvre, thus improving traffic efficiency.  

 

As for zero-error IDM, because it avoids possible driving errors of human drivers, it 

can improve traffic safety and efficiency. And it is not affected by other vehicles, so 

even if the penetration rate of autonomous vehicle is very low, it can still exert a positive 

effect. The higher the penetration rate, the more significant the positive effect. 
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5 Discussion and conclusion  

This chapter collects all the findings and answers the research questions raised at the 

beginning of the report. The discussion about the results are also included. 

5.1 Research questions 

At the beginning of this thesis, four research questions are asked, expected to be 

answered at the end, the following are the questions: 

1. Based on existing research, how do the types of vehicle involved in traffic 

impact drivers’ driving behaviours? 
 

2. How are these summarized impacts reflected in the models used for 

heterogeneous traffic simulation? 
 

3. How does the existence of autonomous vehicles influence the safety of 

heterogeneous traffic? Do different penetration rates bring different results? 
 

4. How does the existence of autonomous vehicles influence the efficiency of 

heterogeneous traffic? Do different penetration rates bring different results? 

5.1.1 How do the types of vehicle involved in traffic impact drivers’ 

driving behaviours? 

Through sorting out and researching existing related literatures and studies, we found 

that most researchers can reach a consensus that the types of vehicle involved in traffic 

will have an impact on the driving behaviours of drivers. But as to how they affect 

driving behaviours, different researchers hold different views.  

 

In this thesis, the research objects are limited to cars and trucks. Regarding the car-

following situation, some researchers observe that truck drivers tend to maintain a 

larger THW than car drivers, while others hold the opposite view. Instead of directly 

adopting the view of one side, we use the existing data in the highD dataset for 

verification. Firstly, the car-following situations are extracted from the dataset and then 

analysed to check the THW that different drivers tend to maintain.  The final conclusion 

is that truck drivers do tend to have a larger THW than car drivers in car-following 

situations.  

 

As for lane-changing situation, most researchers observe that truck drivers tend to do 

fewer lane-changing manoeuvre, and the data extracted from the highD dataset also 

verifies this conclusion. 

5.1.2 How are these summarized impacts reflected in the models? 

There are many ways in SUMO to make the default models change according to the 

user’s ideas, including adding new parameters, modifying the principles behind the 

models, and setting more reasonable values for current parameters, etc. Through the 

analysis of the existing models and their parameters, we believe that setting reasonable 

values for the existing parameters is most suitable for us to reflect these summarized 

impacts, considering the constraint of time. The specific parameter settings include 

setting a larger Tau value for truck drivers in the car-following model, setting a larger 

value of lcAssertive and lcSpeedGain for car drivers in the lane-changing model, as 

mentioned in Section 2.2. 
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After the modification, we used the data in the highD dataset to perform a calibration 

to ensure that it reflects these impacts while maintaining its simulation accuracy. 

5.1.3  How does the existence of autonomous vehicles influence the 

safety of heterogeneous traffic? 

From the results, autonomous vehicles that do not include V2V communication can 

improve traffic safety, and as the penetration rate increases, traffic safety can be 

continuously improved. For autonomous vehicles with V2V communication functions, 

when they first appear in traffic, they may have a negative effect on traffic safety. As 

the penetration rate increases, this negative impact first increases. After the rate exceeds 

0.5, the negative impact begins to decrease, when the participation rate reaches a high 

level (over 0.7), it begins to turn into a positive impact on traffic safety. 

5.1.4 How does the existence of autonomous vehicles influence the 

efficiency of heterogeneous traffic? 

Both types of autonomous vehicles play a positive role in improving traffic efficiency. 

It is worth mentioning that autonomous vehicles with V2V communication have a more 

significant effect on improving traffic efficiency. 

5.2 Discussion 

Judging from the overall results, the implementation of autonomous vehicles on the 

road is very anticipated. Whether from the perspective of traffic safety or traffic 

efficiency, this move will greatly improve today's traffic. The simulation results tell us 

that as long as the correct type of autonomous vehicle is selected, even if there are only 

a small number of autonomous vehicles on the road at the beginning, it can still help to 

improve traffic safety and efficiency. 

 

In addition, these simulation results can also help us when developing plans to put 

autonomous vehicles on the road step by step. For example, V2V communication 

function can be putted into use after the proportion of autonomous vehicles in traffic 

reaches a certain level (for example, over 0.7), to obtain a better effect and avoid 

possible negative influences. 

5.2.1 Ethical aspect 

This study provides more realistic models for the simulation of heterogenous traffic and 

helps to get more accurate safety and efficiency evaluation results. With the help of 

these results, researchers and companies could design the active safety functions in a 

better way and these results can also help people to think when is the right time to put 

autonomous vehicles on the road. But on the other hand, these positive results may 

make researchers or companies more aggressively want to put autonomous vehicles on 

the road, which may cause serious safety problems or legal issues. Because even the 

most perfect simulation cannot fully represent the actual situation, the results of the 

simulation can only be used as a reference, and should not be used as evidence to prove 

that people have fully understood the consequences of putting autonomous vehicles on 

the road. 

5.2.2 Limitations 

After reviewing the whole process of this thesis, we can find that there are some 

limitations. First of all, due to time and computation constraints, not all the data in the 
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highD dataset is used in the calibration phase. Only a part of the data is used as the 

input of the simulation, and the simulation result is compared with the actual data of 

this part. Since the setting of parameters is based on the data obtained from the entire 

highD dataset, errors will inevitably occur if not all the data are used in the calibration 

process. Another limitation lies in the setting of simulation parameters. We only 

selected a limited set of parameters as candidates, and then selected the set of 

parameters with the best results among them. Considering the limited time and energy, 

this is an effective method to a certain extent, but this method can only allow us to get 

a set of relatively good parameters, not the best. It is suitable for observing approximate 

trends when the possible results are not known, but cannot be used for accurate 

statistics. In addition, the selected method of modifying the model is also one of the 

limitations. In this case, we chose to modify the models by setting appropriate 

parameter values. This is a choice made for simplicity and convenience. But this 

method does not fully reflect the difference between the four combinations (CC, CT, 

TC and TT). In other words, the models used in the final simulation have only been 

improved to a certain extent. 

 

5.2.3 Future work 

Regarding the limitations, we know there are still several points that can be further 

improved. First of all, if we use all the data from highD dataset as input of simulation 

in the calibration phase, We can select a set of parameters that can make the simulation 

results more consistent with the actual situation. In addition, the method of selecting 

parameters can also be improved. If there are more time and energy, genetic algorithm 

could be considered. This algorithm is very suitable for finding the optimal solution, in 

our case, to find the best set of parameters. Moreover, in the final part, the 

heterogeneous traffic simulation, this thesis only considers the penetration rate from 0 

to 1 with a step length of 0.1. With each rate, 100 runs of simulation are performed, and 

each run contains 4000 vehicles. If the number of runs and the number of vehicles in 

each run are further increased, then the accuracy of the results are expected to be 

improved. 

 

Furthermore, in this thesis, we choose the way of setting more reasonable values for 

current parameters to reflect those summarized impacts. In this case, we can distinguish 

the different driving behaviours of the truck driver and the car driver, but we cannot 

make the driver react differently according to the type of preceding vehicle. To further 

reflect this difference, the other two ways can be chosen, namely adding new 

parameters, or directly changing the principle behind the models. Through these two 

methods, we can set drivers to maintain different THW when following different types 

of vehicles, so as to simulate the driving behavior of drivers more realistically. In fact, 

we do make some preliminary attempts based on this idea. A new model called 

‘heterogeneous’, that has been proposed outside this thesis project, was explored during 

the thesis project. In the new model, we can set the four new parameters of 

heterogeneous_cc_thw, heterogeneous_ct_thw,  heterogeneous_tc_thw and 

heterogeneous_tt_thw, so that different drivers can give more realistic reactions when 

following different types of vehicles. The subsequent steps are the same as the method 

used in this report. After calibration, the new model can be used for heterogeneous 

traffic simulation. But in the process of doing so, many new problems have also 

appeared, such as the problem of how to choose the appropriate values of these four 

mentioned parameters. Therefore further work to solve such problems is needed before 

further exploration with the new model can be done. 
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Appendix 
Table A. Parameters of the Driver State Device in SUMO. The information are taken 

directly from [52] 

Parameter  Type  Description  

initialAwareness float The initial awareness assigned to the driver 

state. 

errorTimeScale-

Coefficient 

float Time scale constant that controls the time scale 

of the underlying error process. 

errorNoiseIntensity-

Coefficient 

float Noise intensity constant that controls the noise 

intensity of the underlying error process. 

speedDifferenceError-

Coefficient 

float Scaling coefficient for the error applied to the 

speed difference input of the car-following 

model. 

headwayErrorCoefficient float Scaling coefficient for the error applied to the 

distance input of the car-following model. 

speedDifferenceChange-

PerceptionThreshold 

float Constant controlling the threshold for the 

perception of changes in the speed difference 

speedDifferenceChange-

PerceptionThreshold 

float Constant controlling the threshold for the 

perception of changes in the distance input. 
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