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Abstract
The intelligent application of simulation is of central importance for the successful development and testing of automated
driving functions. Realistic virtual environments are required to assess and optimize both the efficiency and safety of auto-
mated driving functions in real-world traffic situations. While existing traffic flow simulation frameworks excel at evaluating
traffic efficiency, the implementation of human failure models and traffic safety aspects is a current field of research. In this
publication, the occurrence of human failures is inferred from real-world crash statistics and introduced into traffic simula-
tion. A realistic traffic simulation setup of the city of Ingolstadt, Germany, is used as a basis for this simulation of crash occur-
rence. Focusing on intersections as the most important urban crash hot spots, the relation between human failures and the
occurrence of collisions is estimated for each conflict point in the simulation network. From crash statistics, the distributions
of crash quantities and types across the intersections in the simulation network are calculated. An Iterative Proportional
Fitting algorithm is used to project crash counts available at the intersection level onto the ‘‘conflict level,’’ determined by
intersecting traffic streams within intersections. Human failures are generated and applied to traffic participants in the simula-
tion using a Monte Carlo selection. The results demonstrate the functionality of the method for calibrating models for realis-
tic crash occurrence in traffic simulation. This methodology provides a basis for simultaneous evaluation of both traffic
efficiency and traffic safety impacts of future developments in urban traffic networks.
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Existing traffic flow simulation frameworks excel in eval-
uating the influence of infrastructure, regulation mea-
sures, and individual behavior on traffic efficiency. The
underlying models are designed to simulate collision-free
traffic. However, with the approaching introduction of
automated vehicles into everyday traffic, a simultaneous
evaluation of the tradeoff between traffic efficiency and
traffic safety is becoming more and more relevant.
Automated driving makes it possible to implement
desired behavior directly into the vehicles. This enables
the realization of driving strategies focused on long-term
benefits to the entire traffic system. To ensure the poten-
tial of automated vehicles is utilized entirely, a simulative
evaluation of the influence of their behavior on both
traffic efficiency and traffic safety must be carried out.

In order to apply traffic simulation frameworks for
the evaluation of traffic safety, the available literature

suggests adding human factors to the otherwise collision-
free simulation models. Already in 2000, Archer and
Kosonen (1) apply errors to the perception, decision
making, and actions of drivers in a microsimulation tool.
During the last decade, considerable research on the
modelling of human factors in microscopic traffic simu-
lation has occurred (2). A common approach is to ran-
domly apply pre-defined human failures to existing
microscopic models to generate safety-critical situations
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and potentially collisions. Safety-critical situations are
modelled by introducing speeding, slow driving, or
abrupt stopping maneuvers into an Aimsun simulation,
which were applied to a highway in Shanghai in Wang
et al. (3). A similar approach is presented in Yang et al.
(4) to evaluate collision avoidance systems for a platoon
in which the lead vehicle sharply decelerates. Based on
real-world traffic measurements on an urban motorway,
Azevedo et al. (5) generate rear-end, lane-changing, and
run-off-road collisions by adding a random component
to the behavior models in simulation.

Another human failure process is described by
Astarita and Giofré (6). The authors generate collisions
in the simulation frameworks Aimsun and Vissim by
modelling distracted drivers who move along a straight
trajectory and potentially collide with other vehicles or
roadside barriers. To evaluate the criticality of situations,
they consider the collision energy in crashes and (for
near misses) introduce a surrogate safety measure taking
into account the proximity to roadside barriers. The rele-
vance of surrogate measures to assess traffic safety is dis-
cussed in Young et al. (2), Pirdavani et al. (7), and
Johnsson et al. (8). Astarita et al. (9) evaluate their previ-
ously presented surrogate safety measure as well as the
entire simulation setup based on real-world crash data
from nine intersections in Italy.

Further work has emphasized the capabilities of the
human driver instead of applying random human fail-

ures. Human factors are introduced in traffic microsimu-

lation by modelling the driver awareness dependent on

the demand of the driving task in van Lint and Calvert

(10). The presented model modifies a driver’s reaction

time and introduces perception errors into the car-

following task dependent on the vehicle’s environment

and possible disturbing factors. The SEEV model

(‘‘Salience, Effort, Expectancy, Value’’), presented in

Wickens et al. (11), is another approach to modelling the

occurrence of perception failures. The applicability of

this model for the evaluation of human failures at urban

intersections is evaluated in a driving simulator study in

Werneke and Vollrath (12). Denk et al. (13) describe a

concept of how this model could be applied to a stochas-

tic traffic simulation.
Microscopic traffic simulation with integrated human

factors is applied to evaluate advanced driver assistance

systems by Yang et al. (4) and by Helmer (14). Helmer

presents a stochastic simulation framework in which

pedestrians cross in front of a vehicle equipped with a

preventive pedestrian protection system. The severity of

possible collisions is evaluated based on the impact speed

and taken into account for the assessment of the driver

assistance system. In order to assess the impact of auto-

mated driving systems on traffic safety, Rösener (15)

simulates critical scenarios and collisions resulting from

cut-in situations on highways using a traffic setup from

the simulation tool Vissim.
Crash data is used in Astarita et al. (9), Helmer (14),

and Rösener (15) as an input to the presented simulation
setups. Other simulation setups are based on surrogate
safety measures obtained from real-world measurements
(5, 7, 16, 17), or human factors are introduced entirely at
random (4). However, the validation of simulation mod-
els predicting the impact of automated vehicles or other
measures on crashes requires comparisons with real-
world crash data. Based on naturalistic driving data,
Khattak et al. (18) show that around 93% of all real-
world crashes are caused by human failure processes,
including both human errors and intentional violations
of traffic regulation. The evaluation of crash data pro-
vided by Gerstenberger (19) suggests that this proportion
is even higher at urban intersections, where only 3% of
crashes with human injury result from environmental
factors or technical defects. Therefore, since nearly all
collisions at conflict points in urban intersections involve
human failure processes, crash data can be evaluated to
estimate what kind of human failure process leads to
which number and type of crashes in which location.
Joining the results of such an evaluation with exposure
data (i.e., traffic volumes of different modes of participa-
tion), typically required for the setup of traffic simula-
tions, can provide an estimation of the quantity of
human failures that occur at different locations.
Furthermore, by applying methods from crash research,
the volatility of the data basis can be reduced to provide
a more reliable basis for the simulation setup.

Methodology

In this publication, we present a calibration framework
based on real-world crash data that applies human fail-
ures to an existing urban traffic simulation model. Since
around 50% of urban crashes occur at intersections
(7, 19), the focus lies on modelling crashes that result
from traffic participants failing to yield the right of way
while turning onto, crossing, or turning off a road at an
intersection. The aim is to create a predictive simulation
model for the evaluation of potential impact on urban
traffic by automated driving or other interventions. This
evaluation cannot be performed based solely on histori-
cal crash data. Due to redundancies in the traffic system
resulting from infrastructure design and traffic control as
well as the reactive behavior of traffic participants, not
every occurrence of human failure (e.g., a red light or
stop sign violation) results in a crash. However, this rela-
tionship between failure and crash may change with the
introduction of automated vehicles—for example, due to
modified traffic flow, speed distributions, and reaction
times.
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Therefore, in order to obtain a predictive simulation
model, the occurrence of human failures is inferred from
historical crash data using conflict analysis, statistical
inference, and microscopic traffic simulation. The data
flow and calibration procedure for this model are illu-
strated in Figure 1. Based on an existing urban traffic
model of the city of Ingolstadt, Germany, real-world
crash distributions for passenger cars and bicycles are
reproduced across multiple crash types and all intersec-
tions of the simulation network. This framework has the
potential to estimate the impact of automated driving or
other interventions on urban traffic, assuming that the
capability of human drivers and thus the incidence of
human failures remain unchanged.

In the next section, we introduce the study area and
collected data. Following this initial overview, the data
flow and calibration procedure is presented as indicated
by the corresponding numbers in Figure 1:

1. For the evaluation of simulated crashes, a crash
severity model is required. We present suitable
estimators for crash severity and introduce an
established crash severity model by Müller et al.
(20) to enable comparison between simulated and
real-world crashes.

2. An open-source traffic simulation of the city of
Ingolstadt (21), created based on the simulation
framework SUMO (Simulation of Urban
Mobility) (22), is introduced in the following sec-
tion as a basis for the simulation of crash occur-
rence. The simulation incorporates the traffic
demand of passenger cars as well as bicycles.
Because of the particular relevance of car speeds
for both the occurrence and severity of crashes,
an accurate representation of the traffic speeds in
the simulation is necessary for a realistic model-
ling of crash occurrence. Evaluations of crash sta-
tistics by Gerstenberger (19) suggest that speeding

plays a role in nearly 60% of crashes at urban
intersections. The desired speeds of passenger cars
in the simulation are therefore tuned to match
real-world car trajectories using an adaptation of
the method presented in Langer et al. (23).

3. Once the crash severity model and the simulation
are set up, two crash databases are analyzed to
obtain the input for the simulation of human fail-
ures. The first database, the Unfallatlas, contains
all police-reported injury crashes in Germany for
the years 2016 to 2020 (24). Since these crashes
contain only high-level information of the crash
type, the more detailed data from German in
Depth Accident Study (GIDAS) (25) are ana-
lyzed to infer the distribution of different crash
types across groups of similar intersections.

4. To generate car-to-car and car-to-bicycle colli-
sions in the simulation, human failures are applied
to both modes of participation via an external
control script coupled to the simulation. Bicycle-
to-bicycle crashes are not considered here.

5. Finally, the simulated crashes are compared to
the real-world crashes in both location and type.
An Iterative Proportional Fitting (IPF) algorithm
is applied to determine a distribution of human
failures in the simulation that best reproduces the
real-world crash data. This projects the crash
counts available at the intersection level as well as
the crash type distributions onto the ‘‘conflict
level’’, determined by intersecting traffic streams
within intersections.

The result of the proposed calibration method consists
of a realistic traffic simulation coupled with a calibrated
human failure model. The accuracy of this simulation
setup for reproducing real-world crashes is assessed in the
final section. By integrating automated vehicles into the
setup or modifying infrastructure or traffic regulation,

Figure 1. Methodology of the presented simulation setup.
Note: The simulation network is cropped from the open-source Simulation of Urban Mobility (SUMO) Ingolstadt simulation. An Iterative Proportional

Fitting (IPF) algorithm is applied to project the real-world crash occurrence to the conflict points of intersecting traffic streams in simulation. The

numbering in the figure refers to the corresponding detailed descriptions given in the main text.
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the simulation can be employed to evaluate the impact of
such measures on both traffic safety and efficiency in
future applications.

Study Area and Collected Data

The presented simulation study is carried out in a road
network spanning 5 km2 in urban Ingolstadt. The area
connects the Autobahn A9 to the city center and is made
up mainly of residential districts with some office build-
ings as well as shopping and leisure facilities. The road
network contains around 1,000 intersections, out of
which 25 are signal controlled. The study area is visua-
lized in the traffic simulation SUMO in Figure 2.

The following four types of data are available for the
presented study:

1. Traffic demand data
2. Traffic light data
3. Car trajectory data
4. Historical crash data.

To determine the traffic demand in the study area,
both statistical data as well as traffic counts are collected.
The statistical data contains the distribution of inhabi-
tants, work places, and shopping and leisure opportuni-
ties across the entire city and is provided by the city of
Ingolstadt as well as Audi, as the major employer in the
city. Furthermore, traffic counts are collected by induc-
tion loops at all traffic signals in the city. Together with
these counts, the historical traffic light states are col-
lected throughout the city and utilized to recreate the sig-
nal phases in the simulation. Based on this available
data, the simulation is set up for passenger cars and
bicycles as described later in the section ‘‘Simulation

Setup.’’ The traffic demand for an average weekday
incorporates an estimated 121,000 trips of passenger cars
and 8,500 bicycle trips, with up to 21,600 cars and 1,800
bicycles traversing the most frequented link per day.

Another real-world input for the traffic simulation is
provided in the form of car trajectory data.The trajec-
tories are collected via logging devices installed in cars in
personal use throughout the city of Ingolstadt. The geo-
location, heading, and speeds of the cars are measured
by their built-in sensors and stored directly from their
data buses. In total, over 100h of data are available with
a sample rate of 4Hz. Using the geo-location and head-
ing, the trajectories are matched to the links of the simu-
lation network. The desired speeds of cars in SUMO are
adjusted based on the map-matched real-world trajec-
tories as described below.

As mentioned in ‘‘Methodology,’’ the crash data for
the presented study is obtained from two different crash

databases. The first database, the Unfallatlas, contains all

police-reported injury crashes in Germany. It is provided

by the German Statistical Offices for the years 2016 to

2020 as open data (24). Among other information, this

data contains the geo-location of each crash, a high-level

crash type, and a Boolean flag for each mode of trans-

port involved in the crash. However, this database con-

tains no attribution of which party was at fault. For the

available time period, a total of 2,800 injury crashes are

reported in the city of Ingolstadt. Within the presented

study area, 188 intersection crashes are recorded and uti-

lized for this study. A maximum of 20 crashes are

reported at one of the major intersections in the network.
The second database, GIDAS, contains crashes

recorded in the years 2000 to 2019 in the German cities
Dresden and Hannover (25). This database can be evalu-
ated to determine distributions of detailed crash types
within the high-level crash types contained in the first
database. Assuming that the distributions within the
major crash types in the GIDAS crashes, recorded in
Hannover and Dresden, are similar to those in
Ingolstadt, the result of the data analysis is later
employed to map the major crash types to the conflicts
in the intersections. Furthermore, the GIDAS data can
be evaluated to determine the at-fault mode type distri-
butions. While car-to-car crashes are caused by either of
the cars, crashes with bicycles involved can be caused
either by the car or the cyclist, which must be modelled
individually. Over 8,000 crashes from GIDAS are evalu-
ated to determine the required distributions within the
relevant high-level crash and mode types. Evaluations of
the real-world crash data are presented below as a basis
for the simulation of human failures.

The comparison with the presented injury crash data
requires identification of likely injury crashes among all
simulated crashes. The models used for this identification

Figure 2. Study area as visualized in Simulation of Urban Mobility
(SUMO).
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are described in the following section. In particular, for
car-to-car crashes, an established crash severity model is
utilized.

Crash Severity Models

Crash severity models are required for the proposed
simulation setup for two main reasons. Firstly, the most
relevant improvement to traffic safety lies in a reduction
of human injuries and fatalities. Therefore, when evaluat-
ing an automated driving system, besides the number of
crashes that the system is involved in, the severity of the
collisions that cannot be prevented must also be taken
into account. Secondly, the safety simulation is created
using two crash databases, which contain only injury
crashes. Thus, to reproduce the real-world crash distribu-
tions, the likelihood of each simulated crash to produce
injuries must be assessed.

Since both car-to-car and car-to-bicycle collisions are
simulated, distinct models are required to predict the
crash severity of these two crash types. According to lit-
erature, the severity of a car-to-bicycle collision can be
predicted based on the impact speed of the involved par-
ties (26, 27). While larger impact velocities generally lead
to more severe injuries, there are multiple influencing fac-
tors, such as the point of impact of the cyclists on the car,
which can lead to severe injuries even at lower speeds.
Furthermore, an underestimation of minor injuries of
cyclists must be expected, due to an underreporting of
these crashes. For the simulation setup, we therefore
assume that any car-to-bicycle collision above a speed of
5 km/h will result at least in a minor injury. The speed
vectors of the involved parties in case of a collision can
be obtained directly from the simulation.

For the assessment of the crash severity of car-to-car col-
lisions, unlike for car-to-bicycle collisions, the impact speed
of the involved cars is not a sufficiently accurate metric.
Instead, the literature suggests that Dv, the reduction in
speed resulting from the collision, is strongly correlated with
the risk and severity of injuries (26, 28). Other than the
impact speed, the Dv of cars involved in a collision cannot
be obtained directly from the traffic simulation. In case of a
full frontal collision of two cars with equal speed and mass,
both cars would be decelerated to standstill and Dv would
equal the impact speed. However, crashes resulting from
turning maneuvers at urban intersections are particularly
likely to involve cars colliding on different chassis parts with
various velocities, angles, and overlaps. Therefore, a two-
dimensional crash severity model presented by Müller et al.
(20, 29) and Böhmländer et al. (30) is employed to calculate
the Dv of cars involved in a collision.

In this crash severity model, two colliding cars are rep-
resented by masses and springs. The input to the model
contains the two cars’ masses, velocities, and headings. In

order to derive the force transferred between the cars in a
specific crash constellation, the stiffness of the springs of
each car must be tuned to accurately represent the prop-
erties of the cars’ chassis in different areas of the body.
This is achieved by training the model to reproduce the
results of detailed finite-element-method (FEM) crash
simulations. For the application in the traffic simulation
environment, the model was set up to evaluate crashes
between two identical Audi A3 cars with a mass of
1680kg, length of 4.3m, and width of 1.8m. The result-
ing model is employed for the severity calculation of all
simulated collisions. An improvement to the setup could
be made by adding a distribution of different passenger
cars of various shape and weight as well as trucks and
busses with individual severity models to the simulation.
However, in the presented initial setup, all simulated col-
lisions between passenger cars are evaluated with the pre-
sented severity model.

A total of 338 FEM simulations containing a crash of
two Audi A3 cars in various constellations are available
for the calibration of the model. A random subset of 305
of these simulations is used to calibrate the mass-spring
model, while the remaining 10% are set aside as test data.
Comparing the calculated Dv for both cars between the
mass-spring model and the FEM simulations shows a
mean absolute error of 1m/s on the training data and
1.1m/s on the test data.

To simplify the simulation setup and enable a scalable
architecture, the crash severity model is not connected

directly to the traffic simulation. Instead, the model is

employed to create a lookup table containing a Dv value

for each car dependent on the first point of contact, the

angle between the cars, and the car speeds. For this pur-

pose, the two-dimensional shape of the Audi A3 chassis

is approximated as a polygon made up of 23 points. The

angle between the cars is modified in steps of 5� and the

velocities of each car are varied between 0m/s and 24m/

s in steps of 2m/s. Each combination of the discrete con-

tact points and velocities of each car as well as the angle

between them leads to a possible collision constellation.

Removing physically impossible constellations—for

example, frontal collisions between cars moving in the

same direction—yields a table with 600,000 collision con-

stellations, which are calculated by the crash severity

model. In Figure 3, exemplary Dv values from the table

are depicted for frontal collisions and sideway collisions

with different velocities and impact angles.
In order to compare the available crash statistics to

the crashes in the simulation, the Dv values calculated
by the severity model are combined with a probability
for injury. Funk et al. (31) present evaluations of Dv
values and injury severities for 228 crashes taken from
the National Automotive Sampling System (NASS)
database. Based on the presented probabilities for
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human injury to result from crashes with different Dv
values, the following linear injury risk function presented
in Equation 1 is defined.

P Ið Þ=
0:16 3 Dv, 0\Dv ł 2:7 m

s

0:033 3 Dv+ 0:34, 2:7 m
s
\Dv ł 20 m

s

1, 20 m
s
\Dv

8<
: ð1Þ

For each car-to-car collision in the simulation, an
interpolation is carried out to determine the initial point
of contact based on the positions and velocities of both
cars obtained from SUMO. The point on the polygon
closest to this initial point of contact is calculated for
each car and utilized together with the velocities and
angles from simulation to select the corresponding Dv
values from the lookup table. Finally, the probabilities
for an injury to occur in either car are calculated from
the Dv values following Equation 1. There are many
other factors that influence the injury risk function such
as the number of passengers in each car, the age of the
passengers, and whether or not all passengers fastened
their seatbelts. However, only the calculated Dv values
are taken into account for the estimation of the crash
severity in this publication.

Simulation Setup

An existing traffic simulation model of the city of
Ingolstadt in SUMO is used as a basis for all further
work. This simulation model is presented in Harth et al.
(32) and available as open-source under TUM-VT (21).

It is set up with an accurate representation of the road
network, traffic regulation, and traffic demand for pas-
senger cars and bicycles. The road network is imported
from OpenStreetMap and manually improved using aer-
ial images available throughout the city. Many of the
major links in the network have dedicated bicycle lanes,
which are modelled following the road layout in the real
world.

The traffic demand is initially modelled based on sta-
tistical data for the city of Ingolstadt introduced above.
As described in Harth et al. (32), origin–destination
matrices for passenger cars and bicycles are created from
this data. The passenger car demand is further improved
in accuracy using induction loop counts collected at all
traffic signals in the city. In addition to the traffic
demand, traffic light programs are modelled based on
historical traffic light states collected throughout the city
(32). The result is a realistic traffic signal control in simu-
lation including protected and unprotected flows, which
is essential for the modelling of urban crashes.

Since a simulation of crash occurrence requires consid-
erable computational resources, this study is not carried
out using the entire city-wide simulation. Instead, the
road network of the previously presented study area is
cropped from the large simulation network and used for
all following analyses of traffic safety. The cropped simu-
lation network is depicted in Figure 2. To ensure a realis-
tic representation of the traffic demand in the smaller
simulation, the routes for both modes are generated using
the city-wide simulation and clipped at the fringes of the
smaller network. For the following simulation of crash

Figure 3. Exemplary Dv values calculated by the crash severity model for different velocities and angles of the impact car.
Note: The distributions for (a) sideway collisions and (b) frontal collisions are calculated for fixed positions and velocities of the foe car (vfoe). Dv denotes

the reduction in speed of the impact car resulting from the crash.
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occurrence, this simulation is run with a simulation time-
step of 250ms.

The simulation model is refined further using real-
world car trajectory data. A realistic representation of
the car speeds in traffic simulation is of major impor-
tance for a simulation of crash occurrence. The causal
relation between traffic speeds and crash occurrence is a
topic controversially discussed in the literature. Gitelman
et al. (33) evaluate the relationship between injury
crashes and the observed mean speed on rural single-
carriageway roads in Israel. The results indicate that
higher mean speeds generally lead to a larger number of
injury crashes. In contrast, Pei et al. (34) show there can
be a counterintuitive conclusion dependent on the
employed method of aggregation and the exposure con-
sidered. The authors conclude that higher speeds lead to
a higher crash risk when accounting for distance expo-
sure, while the correlation is negative when considering
time exposure. In a third study, Imprialou et al. (35)
evaluate crashes over multiple road types. They come to
the result, that crash risk increases up to a speed of
around 85km/h and decreases again above this speed.

The referenced publications discuss the general influ-
ence of traffic speeds on crash risk. However, it is clear
that once a safety-critical situation arises, higher veloci-
ties make it more difficult for the involved parties to
avoid a collision. Furthermore, as discussed in the previ-
ous section, in the case of a collision, higher speeds gen-
erally lead to more severe crashes. In order to simulate
urban crashes accurately, it is therefore essential to
model the speed distributions realistically in the traffic
simulation.

Therefore, the desired speeds of cars in the simulation
are calibrated with a method adapted from Langer et al.
(23). For the links in the Ingolstadt SUMO network,
real-world speed distributions are obtained by evaluating
more than 100h of real-world car trajectory data. For
each link with more than 1 min of measurement data,
the speed distributions are compared to the distributions
in the simulation of an average weekday on an hourly
basis. The simulation setup is assessed by calculating the
deviation between the simulated and real-world speed
distributions via the Kolmogorov–Smirnov test. This
deviation is utilized as a fitness value for the optimiza-
tion of the simulated speeds with a Genetic Algorithm
(23).

However, it is concluded in Langer et al. (23) that
assigning a city-wide factor to the desired speeds of simu-
lated cars only insufficiently models the distribution of
the desired speeds across roads with different properties.
The Highway Capacity Manual (HCM) (36) suggests
adjustment factors to car speeds—for example, for the
number of lanes, lane width, median type, and lateral
clearance of a road. The required inputs for two

influencing factors can be determined from the SUMO
network: the number of lanes and the existence of an
opposing lane. Therefore, the described method is
adapted to calculate three parameters to define the
desired speed:

foverall: Overall factor for the desired speeds relative to
the speed limit.
flanes: Factor for roads with more than one lane
fopposing: Factor for roads without oncoming lanes
(one-way or separated by median)

The mean desired speed per road is obtained from
Equation 2. By default, SUMO draws the desired speed
of each car from a normal distribution with standard
deviation 10% of the speed limit around this mean value.

desired speed = foverall 3 flanes 3 fopposing 3 speed limit

ð2Þ

The Genetic Algorithm is run for 15 iterations with a
population size of 12. All adjustment factors are opti-
mized in the range 0.9 to 1.2. The final results are
foverall =1.07, flanes = 1:06, and fopposing =1.04, which is
consistent with the HCM model.Multiple optimization
runs converge to similar results in a range 6 0:01. While
the first factor is applied to the desired speed of each
individual car, the two location-dependent factors are
factored in to the edge-specific speed limits defined in the
simulation network. This results in a desired speed with
mean of 18% above the real-world speed limit for cars
on median separated roads with at least two lanes per
direction. However, cars in the simulation are regularly
prevented from traveling at their desired speed by traffic
lights, right-of-way regulations, or leading traffic partici-
pants. To determine the resulting speed increase in the
simulation, the simulated average speeds on the selected
links are compared before and after applying the factors
described above. This evaluation shows that the increase
of 18% for the desired speeds on the selected links leads
to a 7.4% increase of the average speed from 37.9 km/h
to 40.7 km/h.

Evaluation of Real-World Crash Data

In order to create a basis for comparing simulated and
real-world crashes in Ingolstadt, two crash databases are
evaluated. Here, the results obtained from the crash data
are used as an input to the simulation based on the
assumption that all injury crashes are reported to the
police. Underreporting could be taken into account for
recalibration by incorporating a city-wide, intersection-
specific, or crash-type-specific underreporting model. As
introduced above, the first database, the Unfallatlas,
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contains the geo-location and the involved modes of
transportation for all police-reported injury crashes.
Furthermore, each crash is assigned a one-digit (major)
crash type. These crash types are based on the more
detailed three-digit crash types widely used in German
crash research and defined by German Insurers Accident
Research (37). The two major crash types that result
from conflicts within intersections are types 2 and 3. The
type 2 describes crashes resulting from conflicts between
one traffic participant turning off a road and another
participant traveling in either direction on the same road.
Crashes of type 3 occur when a traffic participant fails to
yield to a prioritized traffic stream while turning onto or
crossing the prioritized road. The only crash type within
intersections not represented in types 2 and 3 is one
resulting from any kind of U-turn maneuver, which
would be assigned the crash type 7. While other crash
types can also occur within the geometric bounds of
intersections, they do not result from conflicts between
intersecting streams of traffic and are therefore not taken
into account in the following sections. All further evalua-
tions of crash data as well as the modelling of human
failure is carried out for crashes of major types 2 and 3.

Out of the 2,800 crashes with human injury that were
reported in Ingolstadt from 2016 to 2020, 20% were type
2 crashes, and 27% were assigned type 3. As described
above, crashes of both major types can result from differ-
ent types of conflicts dependent on the intersection geo-
metry and traffic regulation. Therefore, the distribution
of the detailed three-digit crash types among the two
major crash types cannot be deduced from the first data-
base. Furthermore, the described data contains no infor-
mation on which party the main responsibility for crash
was assigned to. Therefore, the more detailed GIDAS
database (25) is evaluated to obtain distributions across
the three-digit crash types and at-fault mode types. The
crashes of major type 2, which can occur when turning
off a road in SUMO, are presented in the following enu-
meration together with the corresponding three-digit
crash types from the crash type catalogue (37):

1. Turning left without priority (crash types 211,
212, 213, 223, 224)

2. Turning left with priority assigned by a traffic sig-
nal (crash types 281, 283)

3. Turning right and yielding to a cyclist (crash types
243, 244).

Crashes resulting from right-turn maneuvers with pri-
ority at traffic signals or on priority roads whose direc-
tion changes are omitted from the evaluation, since
neither of these intersection geometries are contained in
the simulation network. All other crashes are not taken
into account in the following simulation setup, since they

either involve mode types other than passenger cars and
bicycles or result in a collision between cars in the same
lane, which would require more detailed modelling of the
longitudinal or lateral behavior of cars. Nonetheless, the
presented crash types contain the most common crash
types in the GIDAS data and represent 71% of all type 2
crashes. Similarly, the simulated type 3 crashes result
from:

1. Conflicts with a prioritized traffic participant
from the left (crash types 301, 302, 303, 304, 311,
312, 313, 314, 341, 343)

2. Conflicts with a prioritized traffic participant
from the right (crash types 321, 322, 331, 332,
342, 344).

These represent 95% of all car-to-car and car-to-
bicycle crashes in the evaluated GIDAS data. For the
presented crash types, distributions are calculated from
the GIDAS data. However, it must be expected that these
distributions vary between intersections with different
traffic regulation and geometric properties. Therefore,
the distributions are calculated individually for groups of
intersections with similar properties. An assessment of
which properties influence the occurrence of different
crash types can be obtained from literature. The results
presented by Wang et al. (38) indicate that the intersec-
tion shape, complexity, and traffic volumes as well as the
gradient and speed limit of incoming roads have a mea-
surable influence on crash occurrence. This aligns mostly
with a publication by Gomes et al. (39), who add the traf-
fic regulation (signalized, stop-controlled, yield, right-
before-left) to the list of relevant intersection properties.
In a further publication, Gitelman et al. (33) agree with
the importance of traffic volumes and the speed limit for
estimating crash occurrence but mention the curvature,
shoulder width, and median type of incoming roads as
well. From the results of the literature review, we select
intersection properties, which can be accurately obtained
for the crashes from both databases as well as for the
intersections in the simulation network. The following
Boolean classifications are defined to split intersections
into eight possible groups:

1. Traffic light regulated (yes versus no)
2. Number of legs (\4 versus ø 4)
3. Maximum speed limit on incoming legs (ø 50

versus \50km/h)

Since there are no signalized intersections with a speed
limit below 50km/h in the aforementioned simulation
network, six groups of intersections remain for further
evaluation. The distributions across these groups in the
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over 8,000 evaluated GIDAS crashes are presented in
Figure 4.

From the first crash database, it is determined how
many crashes of each major type occur between cars and
between cars and bicycles. Using the GIDAS evaluations
presented Figure 4, it can be estimated how these crashes
are distributed across the more detailed crash types
introduced above. For example, at signalized, four-
legged intersections (last row), 88% of the evaluated car-
to-car crashes with major type 2 are left-without-priority
crashes, while 12% are left-with-priority crashes. The
portion for right-without-priority crashes between two
passenger cars is zero, since this type always involves
bicycles. Similarly, left-with-priority crashes can only
occur at signalized intersections. Car-to-bicycle crashes
are classified further depending on which mode type
caused the crash. For example, 33% of type 2 crashes
involving bicycles at signalized, four-legged intersections
(last row) are of type left-without-priority and are caused
by the car, while 4% are of the same type but caused by
the cyclist.

The presented proportions of crash types t within the
major crash types T of each group g and each mode of
the at-fault participant p1 and involved participant p2

presented in Equation 3 are used as one input for the
simulation.

ft, g, p1, p2
=

AGIDAS
t, g, p1, p2

AGIDAS
T , g, p1, p2

=
AIN

t, g, p1, p2

AIN
T , g, p1, p2

ð3Þ

The other input, the number of crashes AT , b jð Þ per
intersection j, major type T and bicycle involvement b (1
if bicycle involved, 0 if only cars), can be inferred directly
from the map-matched crash database. However, in the
5 years of available data, 188 type 2 and 3 crashes were
reported for the nearly 500 intersections of the cropped
simulation network. A large number of intersections
show zero reported crashes, and only 36 have more than

one. Due to the stochastic nature of traffic crashes, it
cannot be assumed that the absolute number of crashes
per intersection directly indicates the probability for
crash occurrence in a given time period. Therefore, the
Empirical Bayes (EB) method of crash research is
applied. A comprehensible explanation of the EB method
is provided by Hauer et al. (40). The EB method is used
in crash research to calculate a more representative crash
probability combining observations with an ‘‘expecta-
tion.’’ EB is applied to this challenge using the observed
crash rate at each intersection as well as an expected
crash rate across similar intersections. To calculate the
‘‘expected value,’’ the previously described groups of
intersections with similar regulation, number of legs, and
speed limit are utilized. To account for the different traf-
fic volumes that pass each intersection, EB is applied to
the crash rates instead of the absolute crash counts. For
each major crash type T and bicycle involvement b, the
crash rates AT , b, rel per intersection j are calculated from
the absolute crash count AT , b and the traffic volumes n.
The traffic volumes per intersection are set to the average
daily car traffic for car-to-car crashes and to the daily
bicycle traffic for car-to-bicycle crashes. Both volumes are
obtained from the calibrated traffic simulation in SUMO
(32). The expected group crash rate �AT , b, rel(g) is the mean
crash rate within the group. Following the descriptions of
Hauer et al. (40) and Elvik (41), the EB estimates for each
intersection are calculated according to Equation 4.

AT , b, rel jjgð Þ= a 3 AT , b, rel jð Þ+ 1� að Þ3 �AT , b, rel(g)

ð4Þ

a=
1

1 +
var(AT , b(g))

�AT , b(g)

andAT , b, rel jð Þ= AT , b jð Þ
n(j)

The parameter a is calculated here using the variance
and mean number of crashes across all intersections in
the group. Using the traffic volumes, the expected

Figure 4. Distributions across the relevant crash types and at-fault mode type obtained from the German in Depth Accident Study
(GIDAS) database.
Note: The columns indicate the crash types and the modes of participation. The at-fault participant p1 approaches from the minor link while the involved

participant p2 is traveling on the major link.
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number of crashes for the observed time period is calcu-
lated from the EB estimated crash rate and utilized as an
input for the simulation.

Implementation of Human Failures

To generate collisions in the traffic simulation, human
failures are applied to a portion of the traffic participants
when approaching an intersection. As discussed in the
introduction and presented by, for example, Khattak
et al. (18), traffic crashes are caused by a wide range of
human failures. However, for the presented simulation
setup, each of the previously described crash types is
modelled as a violation of the right of way within an
intersection due to human error. A perception error is
applied to participants approaching an intersection from
the minor link, which makes the behavior model con-
clude mistakenly that it is safe to proceed through the
intersection. To generate entering, crossing, and
protected-left crashes at signalized intersections, the at-
fault participant ignores the traffic signal as well. This
procedure aims to produce more realistic behavior than
creating entirely unaware simulated participants, since
these would simply ignore streams of multiple prioritized
participants and burst through dense traffic.

In order to implement this model of human failures,
each geometric conflict point c in each intersection is
mapped to the crash types using the definitions of
straight, left, and right maneuvers as well as the right-of-
way properties provided in the SUMO net file. For
example, a conflict point at which a left-turning car
crosses oncoming traffic will be mapped to either of the
crash types left-with-priority or left-without-priority
dependent on the traffic regulation.

The aim of the following calibration procedure is to
estimate a probability for error occurrence at each con-
flict point (denoted as c) so that the simulation setup
reproduces the real-world crash distributions in both
type and location. This probability P Ec, p1, p2

� �
for one

mode of participation p1 on the minor link to overlook a
single approaching prioritized mode of participation p2

is defined for each conflict point c in each intersection of
the simulation network. Based on this probability, per-
ception errors are applied by an external control script in
Python connected to the simulation via the Traffic
Control Interface provided in the SUMO framework.

Another key aspect of simulating crash occurrence at
urban intersections is modelling the reaction of the prior-
itized traffic participant to the impeding participant.
Firstly, it must be ensured that the prioritized traffic par-
ticipant realizes their right-of-way is being violated and
triggers a realistic reaction in the simulation. This reac-
tion is implemented in SUMO as described in Erdmann
and Krajzewicz (42) and in the SUMO documentation.

Traffic participants in SUMO may become ‘‘impatient’’
when waiting at an intersection for a gap in the priori-
tized stream of traffic. At maximum impatience, a parti-
cipant will enter the prioritized road even if this requires
a prioritized participant to brake with maximum decel-
eration. However, participants will never impede priori-
tized traffic if the gap is too small for it to react in time.
By implementing human failures as described above, this
reaction is stressed to the point at which a collision is
unavoidable.

To restrict the reaction to a realistic limit, the maxi-
mum deceleration is set to 27.5m/s2 for passenger cars
and 27m/s2 for bicycles as suggested in the SUMO doc-
umentation. The only possible maneuver for both cars
and cyclists to avoid collisions is braking with their max-
imum possible deceleration. Implementing evasive
maneuvers for collision avoidance is not expected to pro-
vide a major improvement to the proposed setup.
Evaluations of crash data by Gerstenberger (19) show
that braking is the most common process in crash avoid-
ance at intersections. Moreover, driving physics suggest
that swerving for collision avoidance is unlikely to pro-
vide a significant advantage over braking at the low
speeds in urban intersection traffic (43). Since no evasive
maneuvers are implemented, all crashes are simulated as
collisions between two traffic participants. Real-world
crashes of major types 2 and 3 could result in single-
sided collisions with roadside objects or vegetation if
either participant is run off the road while trying to
evade a conflicting participant.

Furthermore, the reaction of the prioritized partici-
pant is modelled taking into account human reaction
times. By default, SUMO calculates the behavior of
every participant in every simulation step. In the follow-
ing setup, the simulation step length is set to 0.25 s.
However, according to Green (44) for unexpected sti-
muli, a gamma distribution with mean 1.5 s would be
appropriate for drawing reaction times. SUMO allows
modelling delayed reactions by setting the action step
length to a multiple of the simulation step length and
thus update the participants only in specific simulation
steps. By setting the action step length to 2 s, this leads
to an even distribution across reaction times of 0.25 to
2 s. Applying an exact delay to the reaction in a critical
situation would require more detailed modelling of the
exact moment in which the prioritized participant rea-
lizes that braking is required as well as an overriding of
the SUMO behavior via an external control script.

Failure Distributions Inferred From Crash
Data

In order to reproduce the real-world crash distributions,
a probability P Ec, p1, p2

� �
for the occurrence of human
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error must be defined for each conflict point in the simu-
lation. The probability for a crash to occur at a conflict
point within an intersection can be described by the law
of total probability, taking into account the probability
P Nc, p1, p2

� �
for no error.

P Ac, p1, p2

� �
=P Ac, p1, p2

jEc, p1, p2

� �
3 P Ec, p1, p2

� �

+ P Ac, p1, p2
jNc, p1, p2

� �
3 P Nc, p1, p2

� �
ð5Þ

We assume here that crashes result only from
human errors. Therefore, the probability for a crash to
occur without intervention of the error model
P Ac, p1, p2

jNc, p1, p2

� �
is zero. In the following process, only

collisions caused by the error model are evaluated, lead-
ing to the following probability for crashes:

P Ac, p1, p2

� �
=P Ac, p1, p2

jEc, p1, p2

� �
3 P Ec, p1, p2

� �
ð6Þ

The probability for an error to result in a crash
P Ac, p1, p2

jEc, p1, p2

� �
is dependent on the geometry of the

conflicting links as well as the traffic volume of partici-
pants p2 on the prioritized link. The frequency of crashes
at conflict point c results from the probability for crash
multiplied by the traffic volume np1

of the minor link.

Âc, p1, p2
=P Ac, p1, p2

jEc, p1, p2

� �
3 P Ec, p1, p2

� �
3 nc, p1

,

P Ac, p1, p2
jEc, p1, p2

� �
=

Âc, p1, p2

P Ec, p1, p2

� �
3 nc, p1

ð7Þ

In order to determine P Ac, p1, p2
jEc, p1, p2

� �
, multiple

simulations are run with an equal error probability of
P Ec, p1, p2

� �
=0.1 across all conflict points. With this

error probability, an Adaptive Importance Sampling
simulation is set up, in which large numbers of crashes
are simulated within a minimal simulation duration. By
determining the probability for a crash to result from an
error P Ac, p1, p2

jEc, p1, p2

� �
at a specific conflict point, we

can later tune the probability for an error to occur
P Ec, p1, p2

� �
to reproduce the real-world crash counts.

Therefore, the number of crashes resulting at each con-
flict point in simulation Sc, p1, p2

is measured for
P Ec, p1, p2

� �
=0.1 fixed across all conflict points. Since no

more than one perception error is applied to each partici-
pant per intersection, the conflicts are separated by the
crash types as well as by the involved parties. Whether a
perception error leads to a crash depends on the volume,
speed, and reaction time of the prioritized traffic as well
as the intersection regulation and geometries. The crash
frequencies are simulated for the five crash types t and
three possible involvements of passenger cars and
bicycles. To obtain these 15 crash frequencies, an average
weekday is simulated multiple times to provide reliable

results and account for the stochastic variance between
the simulation runs. For the following results, each crash
frequency is estimated in 60 simulated days, which repre-
sents an acceptable trade-off between accuracy of the
estimation and computational effort. Traffic volumes
and traffic signals are modelled throughout the day
based on real-world data as previously described in the
simulation setup. These 900days of simulation are run
30 in parallel on a local simulation cluster to keep the
computation time in a feasible range. Before each simu-
lation run, the departure times of all cars are shuffled
within each hour of the day, and the random seed in
SUMO is modified to introduce stochastic variance to
the conflict situations occurring in the simulation. Using
this realistic traffic simulation setup, the probability for
a crash to result from an error is estimated following
Equation 8.

P Ac, p1, p2
jEc, p1, p2

� �
=

Sc, p1, p2

0:1 3 nc, p1, 60

ð8Þ

It is the aim of our work to reproduce the real-world
crash occurrence in both type and location in the traffic
simulation. Equations 7 and 8 can be utilized together to
calculate which error probability would have to be set at
each conflict point to produce an expected number of
crashes in a specified duration of the simulation.
However, the expected frequency of crashes per conflict
point cannot be obtained directly from the crash data-
bases. Instead, the frequency of crashes is known for
each intersection AT , b jð Þ for both major types T and
both variants of bicycle involvement b using the EB
method. Each major crash type T comprises multiple
detailed crash types t which can again result from multi-
ple conflicts c between intersecting streams as described
in Equation 9.

AT , b jð Þ=
X

t2T

X
c2t

Ac, b(j) ð9Þ

For example, crashes of major type 2 are made up of
the three detailed types left-without-priority, right-with-
out-priority, and left-with-priority as described in the pre-
vious section. Furthermore, each of these crash types can
occur at multiple conflict points dependent on intersec-
tion geometry and regulation. For example, at a basic
unsignalized four-way intersection, there will be four con-
flict points at which left turning cars yield to oncoming
traffic and crashes of type left-without-priority can occur.
Therefore, the previously presented evaluations from the
GIDAS database are employed as a second input to the
simulation setup. Following Equation 3, the global pro-
portions of crashes, At, attributable to the more detailed
crash types t for each major type T, can be inferred.
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ft, g, p1, p2
=

At, p1, p2

AT , p1, p2

=

P
j

P
c2t Ac, p1, p2

jð ÞP
j

P
t2T Ac, p1, p2

jð Þ , ft, g, p1, p2
3

X
j

X
t2T

Ac, p1, p2
(j)=

X
j

X
c2t

Ac, p1, p2
jð Þ ð10Þ

This input from Equations 9 and 10 result in an
underdetermined linear system. Firstly, only the global
distributions of detailed crash type t instead of the distri-
butions per intersection can be obtained from the
GIDAS evaluation. Secondly, there exists no informa-
tion on the distribution of crashes at the conflict level—
that is, across the conflict points per intersection. In
order to find a deterministic solution for this system, an
additional modelling assumption on the distribution of
crash occurrence across the individual conflict points is
required. It would be unrealistic to assume equal distri-
butions of crash types t within all intersections, because
both the geometries and the traffic exposure of conflict-
ing streams vary among the intersections. Instead, it is
assumed here that the probability for an error to occur
P Ec, p1, p2

� �
is equal for all conflicts per detailed crash

type t. Based on this assumption, the distribution of
crash frequencies across all conflict points and participa-
tions results from Equations 7 and 8.

Âc, p1, p2
=

Sc, p1, p2

0:1
3

nc, p1

nc, p1, 60

3 P Ec, p1, p2

� �
ð11Þ

As shown in Equation 11, the expected number of
crashes per simulated day can be calculated for each con-
flict location directly from the error probability.
However, this is only an initial crash distribution, which
does not yet represent the inputs from Equations 9 and
10. Therefore, an IPF algorithm is applied in order to fit
the simulated crash distributions to the real-world
inputs. A detailed description of the IPF algorithm is
provided by Idel (45). The IPF calculates a distribution
of error probabilities across the conflict points, which is
closest to the initial assumption while fulfilling the con-
straints given by Equations 9 and 10. This produces a
distribution of crashes that considers the traffic volumes
of participants p1 and p2 at each conflict point, as these
are factored in with the simulated crash frequency
Sc, p1, p2

. Although the input to the IPF contains an even
distribution of error probabilities across all conflict
points, the final calibration output specifies individual
probabilities that best reproduce the real-world crash
statistics.

Figure 5. Results of final simulation setup for traffic light controlled four-legged intersections. Real-world crashes between 2016 to 2020
(blue) are reproduced in 60 days of simulation (orange): (a) and (b)car-to-car crashes; (c) and (d) car-to-bicycle crashes, classified also by
at-fault party.
Note: The constellation ‘‘at-fault’’ versus ‘‘involved’’ refers to the cyclist.
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Simulation Results

Using the IPF, the error probabilities are estimated to
reproduce the real-world crash counts from 2016 to 2020
in 60 simulated days. In Figure 5, the results are assessed
by comparison of simulation with both real-world data
sources: crashes per intersection (left panels) and distri-
bution of crash types t across the two major crash types
(right panel). The results are obtained in three simulation
runs with 60days each for the 14 intersections of the sixth
group (signalized, four-legged, speed limit 50 km/h).

These results for one of the intersection groups
demonstrate the functionality of the presented method.
Crashes are more likely to occur at intersections in simu-
lation that also show higher crash rates in the real-world
data. Model residuals, especially for the crash counts per
intersection, reflect the stochastic nature of crash occur-
rence including the statistical variance of crash rates in
simulation, which depend on computing resources. A
second origin for the residuals concerns the simulative
estimation of P Ac, p1, p2

jEc, p1, p2

� �
. For the presented simu-

lation, this is obtained from 60days of simulation per
crash type and modes of participation. For simulated
conflict points in the high traffic intersections in group
six shown in Figure 5, the defined error probability of
0.1 produces up to 600 crashes Sc, p1, p2

in 60 days.
However, at some conflict points, far fewer crashes are
produced for the same error probability, which reduces
the accuracy of the estimation. Because the number of
conflicts scales bilinearly (i.e., linearly with both inter-
secting traffic volumes), these effects are pronounced at
minor intersections with low traffic volumes. The crashes
in intersections of the fifth group (signalized, three-
legged, speed limit 50 km/h) are reproduced in number
and type with similar accuracy as the results depicted in
Figure 5, since the intersections of both groups have
some of the highest traffic volumes in the simulation net-
work. However, especially within the less frequented
intersections of the other groups, deviations between the
number of real-world and simulated crashes remain after
the calibration procedure. At some conflict points in
these intersections, zero crashes or only one crash were
produced in the calibration, which impacts the IPF esti-
mate. These issues could be addressed by increasing the
computational effort in future applications of the
methodology.

Conclusions and Outlook

Human errors and other failure processes are common
in daily traffic. However, infrastructure design and traf-
fic control, as well as the reactive behavior of one traffic
participant to the failures of another, create a traffic sys-
tem that is remarkably failure-tolerant and contains a
high level of natural redundancies. The consequences of

human failures depend strongly on the dynamics of traf-
fic and interactions of the involved parties. Therefore, we
have presented a simulative approach, in which traffic
simulation is employed to provide the traffic infrastruc-
ture, regulation, and demand as a basis for a simulation
of urban traffic safety. By applying human errors to indi-
vidual cars, the probability for a crash to result from
an error was estimated and utilized to reproduce the
real-world crash occurrence in the simulation. The pre-
sented method is applicable to any SUMO simulation
with realistic traffic demand in which the expected num-
ber of crashes per intersection can be determined. While
the overall method for adding human failure processes
based on real-world crash data can be applied to any traf-
fic simulation tool, the suitability of the built-in intersec-
tion simulation models must be evaluated individually.

Validation of simulation models predicting the impact
of automated vehicles or other measures on crashes
requires comparisons with real-world crash data, particu-
larly in number, type, and severity. To this end, in this
publication, the potential of reproducing real-world
crash distributions in traffic network simulation while
also quantifying traffic efficiency was demonstrated. This
capability represents the key requirement for comprehen-
sive assessment of novel influences such as automated
driving on traffic networks. As an initial approach, auto-
mated vehicles can be incorporated into the simulation—
for example, with lower reaction times and strict speed
discipline using behavior models provided in SUMO.
Based on this simulation of mixed traffic, an estimation
of the impact of automated vehicles on urban traffic
safety and efficiency can be made. Ultimately, precise
algorithms for sensing, decision making, and trajectory
planning of automated vehicles must be integrated to
obtain accurate benefit estimates.

More detailed results based on larger quantities of
simulated data and other refinements will be presented in
following publications together with an application of
the simulation setup for large-scale virtual assessment of
the influence of the behavior of automated vehicles.
Further improvements to the simulation setup could be
introduced by modelling the influence of the time of day
or environmental factors on error occurrence and human
reactions. Furthermore, detailed evaluations of speed
profiles, intersection crossing times, and the reactive
behavior with introduction of the failure model could be
carried out in addition to the comparison of crash num-
bers and types. More refined models of human failure
processes are expected to improve the realism of the
simulation setup.
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Microsimulation Model for the Evaluation of Traffic Safety

Performances. European Transport – Trasporti Europei, No.

51, 2012, pp. 1–16. http://hdl.handle.net/10077/6117.
17. Santhosh, D., B. K. Bindhu, and B. I. Koshy. Evaluation

of Pedestrian Safety in Unsignalized T and X – Intersec-

tions Through Comparison of the Frequency and Severity

of Pedestrian Conflicts. Case Studies on Transport Policy,

Vol. 8, No. 4, 2020, pp. 1352–1359.
18. Khattak, A. J., N. Ahmad, B. Wali, and E. Dumbaugh. A

Taxonomy of Driving Errors and Violations: Evidence

From the Naturalistic Driving Study. Accident Analysis

and Prevention, Vol. 151, 2021, p. 105873.
19. Gerstenberger, M. Unfallgeschehen an Knotenpunkten -

Grundlagenuntersuchung Zu Ursachen Und Ansätzen Zur

Verbesserung Durch Assistenz. Doctoral dissertation. Tech-

nische Universität München, Germany, 2015.
20. Müller, M., X. Longl, M. Betsch, D. Böhmländer, and W.
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Machine Learning Based Prediction of Crash Severity Dis-

tributions for Mitigation Strategies. Journal of Advances in

Information Technology, Vol. 9, No. 1, 2018, pp. 15–24.
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