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Abstract Inner city intersections are a challenging scenario for human drivers as
well as for the development of autonomous vehicles. This is especially the case for
unsignalized intersections where the right before left rule applies. At these inter-
sections, ambiguous situations can arise. In this chapter, we cover two aspects of
this intersection type: First, we use driving data from a field study conducted in
inner city traffic to analyze the relationship between intersections and human driving
behavior. For that, we describe the intersection, its surrounding environment and
the traffic there by features that constitute an intersection’s complexity (e.g. street
width, visibility conditions, number of cooperation vehicles). With those we are able
to predict features describing the driving behavior reliably. Second, we propose a
decision making algorithm for unsignalized inner city T-junctions. The algorithm is
modeled as a discrete event system and does not rely on any explicit communica-
tion. Instead, only the observable state is used. This includes the map, the positions
and velocities of the cooperation vehicles and the driving pattern. We introduce the
algorithm in detail and present results of a comprehensive simulation for validation.
The algorithm is able to drive through all situations in the simulation safely.
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1 Introduction

The ongoing development of autonomous driving is a promising field of research.
When autonomous vehicles are finally admitted onto public roads, one can expect
several benefits from them. They have the potential to reduce the number and severity
of traffic accidents. Additionally, it would enable people who are unable to drive for
themselves access to individual mobility. There are, however, several aspects of
autonomous driving that currently prohibit its introduction into real world traffic.
Among them is driving through inner city traffic and especially at unsignalized
intersections. This intersection type is common in Germany in areas with low or
medium traffic density. At these intersections the right before left rule applies. It
states that one has to yield to a driver approaching on the next street to one’s right
and that one has priority over a driver approaching from the next street to the left.
Oncoming traffic has priority over turning left. This rule does not, however, provide
a defined driving order in all possible scenarios. Instead, situations can occur in
which each driver has to yield to at least one other driver, thus creating a deadlock
at the intersection. In this case the German traffic regulations for example only
state that driving before someone who has priority may only occur after the drivers
communicated and thus cooperated with each other [1]. This of course is problematic
for an autonomous vehicle (A-V) as it has to interpret human behavior, make a
decision based on potentially unreliable predictions and still drive safely and in a
way that is acceptable to both its passengers and its human interaction partners.

In this work we focus on two aspects of driving through unsignalized inner city
intersections. The first aspect is how intersections influence driving behavior [42]. For
that we describe an intersection by intersection complexity. We define intersection
complexity based on features which describe an intersection. This includes both the
static environment (e.g. visibility or the street width) and the dynamic environment,
i.e. the traffic at the intersection. Driving behavior is described based on features
obtained from the driven trajectory. We then predict the behavior features using the
intersection features as inputs. The basis for that is data from a field study in real world
traffic. The study, both the intersection and the behavior features and the prediction
are described in detail in Sect. 3. The second aspect of this work focuses on the
decision making at unsignalized intersections [43]. We present a decision making
algorithm based on a discrete event system (DES) that is able to drive according to
the traffic regulations. It is also able to cope with unclear situations like deadlocks or
if a vehicle yields despite not having to. The strategy to solve these situations is based
on the findings by [20]: They found that human drivers prefer not having to drive first
in demanding situations such as a deadlock at a T-junction. Our approach does not
require any explicit communication between the vehicles, the decisions are based
only on the observable state of the cooperation vehicles, i.e. its position, velocity
and acceleration. This is in line with findings from literature that state that human
drivers rely on implicit communication when approaching such scenarios [19]. The
algorithm, alongside a detailed validation, is presented in Sect. 4.
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2 Related Work

Aspects of this work have been covered in literature before. We first present rele-
vant publications for the behavior analysis as described in Sect. 3, and then on the
behavior generation (Sect. 4). The first aspect of this work focuses on the influence
of intersection complexity on the driving behavior. There are previous publications
that use features describing the environment of a driving task to define complexity.
[9] assume inner city scenarios as most complex and driving on a highway as least
complex. The type of scenario can also be used to discriminate between complex-
ity levels, [20] found a T-junction to be more complex than a symmetrical narrow
passage. Further features that have been used before include the difference between
signalized and unsignalized intersections [24], whether or not parked vehicles at the
side of the road are present [8] and if a driver drove straight through an intersec-
tion or turned right or left [12]. Reference [45] uses satellite images and classifies
intersections as complex if they have at least one street with multiple lanes, traf-
fic islands, sliplanes or more than four roads leading into the intersection. Another
possible feature is visual clutter [14]. All these features so far describe stationary
surroundings. However, one can also consider the dynamic environment, i.e. the traf-
fic, to describe the complexity of a situation. Reference [31] defines high complexity
as situations that have high demands on both information processing and vehicle
control and low complexity if there is low demand for either category. A medium
complexity is assigned to scenarios that require high demand in one category and low
demand in the other. Reference [21] uses the same definition but omits the medium
class. Traffic density [28, 39, 44] can be considered for complexity as well as the
occurrence of lane changes [39] or driving after a congestion compared to regular
driving [23]. Further aspects of traffic and the environment of an intersection have
also been studied, [44] included the number of vehicles from the left and whether or
not a zebra crossing was present in their work. Reference [30] defines complexity by
the grade of urbanization, the presence of oncoming traffic, leading traffic and the
street geometry (straight road, tight corner, soft corner). Reference [4] considers a
straight road as less complex than an intersection at which a stop is required or an
overtaking maneuver. Reference [15] defines complexity by the number of adver-
tisement signs, buildings, oncoming vehicles and further infrastructure while driving
on a highway.

The second aspect of this work deals with decision making in the context of
autonomous driving and has also been the focus of many authors. A common method
for decision making at intersections and other traffic scenarios are partially observ-
able Markov decision processes (POMDP): [26] uses a POMDP for decision making
at intersections and roundabouts. Reference [18] uses a POMDP for real-time deci-
sion making where other vehicles are treated as hidden variables to adapt the driving
behavior to the most likely behavior of the other drivers. Reference [38] applies a
POMDP for decision making at an intersection while turning left. The autors define
several critical turning points from which a turn can be executed and select the
most efficient one. Additionally, one can also consider limited visibility caused by
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both static and dynamic objects. A possible solution for that problem is to add vir-
tual vehicles at the edge of the obscured space [25]. Reference [2] uses POMDPs
for decision making at intersections and pedestrian crossings with limited visibil-
ity. Besides POMDP, further methods for decision making have been employed as
well. Reference [37] uses a mixed observability Markov decision process to pre-
dict the intention of cooperation partners and base the decision on that. Reference
[29] presents a framework that combines prediction, threat detection and decision
making. Using a Bayesian network the threat levels of other vehicles are classified
and the decision is based on that. A decision can also be made by evaluating pos-
sible behavior policies and selecting the optimal one [5, 11]. Reference [6] selects
the trajectory of an autonomous vehicle from a list of reference trajectories from
human drivers during interaction with an additional vehicle. Finally, one can use a
game theoretic approach by considering a game between the ego vehicle and the first
oncoming vehicle [36].

All these works have in common that they do not rely on explicit communica-
tion between vehicles. Instead they rely on the vehicles’ states that are observable by
onboard sensors. Alternatively, decision making at intersections can also be designed
to use explicit communication between the vehicles themselves or between the vehi-
cles and a centralized coordination mechanism. Reference [27] presents an algorithm
for coordination of autonomous vehicles at an intersection using model predictive
control. This decentralized approach requires all vehicles to use the same algorithm
and to share their current state. Reference [34] presents a centralized coordination
algorithm for autonomous vehicles at unsignalized intersections. The vehicles are
assigned arrival times and the problem is formulated as an absolute value prob-
lem. Reference [10] determines the driving order by centralized coordination using a
mixed-integer linear problem. All vehicles transmit their state and receive their allot-
ted time to pass the intersection. They regulate their velocity accordingly. Versions
for mixed traffic and traffic lights are also suggested.

Certain aspects of inner city traffic have been modeled as DES before by using
Petri-nets (PN). Reference [41] models an intersection with traffic lights using PNs
for the traffic light control and to model the traffic flow. A PN can also be used to
model the traffic light control mechanism at several connected intersections as well,
using the largest intersection as the master control [16]. PN based traffic lights control
can also be used to give arriving emergency vehicles green light at intersections [17].
Reference [7] models a city environment consisting of intersections with traffic lights
and connecting streets using deterministic time-based PNs. Reference [33] controls
intersections with traffic lights using deterministic and stochastic PNs. The model is
adapted in case of incidents that would otherwise cause neighboring intersections to
be blocked.

In this work we do not rely on explicit communication with the cooperation vehi-
cles. Instead, the decision making is based only on the observable state of the other
vehicles. We consider this to be more realistic, especially in the short term, as we
cannot expect every vehicle to be equipped with such communication interfaces any-
time soon. We further rely on DES as decisions by the system are easily explainable
and they are made using only basic operations.
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3 Intersection Complexity for Behavior Prediction

In order to autonomously drive through unsignalized inner city intersections, it is
helpful to understand why human drivers drive the way they do. This is important for
two reasons: Autonomous vehicles will have to interact with human drivers for the
foreseeable future. An understanding of human driving behavior might make these
interactions more safe and efficient. It might enable autonomous vehicles to predict
the driving behavior of their interaction partners more reliably. One can secondly
make such systems behave similar to human drivers, this could improve their accep-
tance. The evaluation of this section is based on a field study that was conducted in the
inner city of Karlsruhe in Germany [42]. In that study 34 participants drove through a
predefined course during which they encountered several unsignalized intersections.
At one of the intersections they were confronted with instructed drivers who created
a deadlock situation. In this work we are investigating the interaction with regular
traffic, therefore the runs through this intersection are not part of this work. The
data set includes in total 1818 runs through 13 unsignalized T-intersections and 565
runs through 4 unsignalized X-intersections. Four of the remaining T-intersections
were specifically selected. This way we were able to include intersections with high
and low traffic density and intersections with buildings close to and far from the
street. The remaining intersections are included in the data set as they lie along the
drive path between the selected intersections. The test vehicle was equipped with
a 16 channel lidar, an inertial measurement unit (IMU) and two global navigation
satellite system (GNSS) receivers. The data was recorded using the robotic operating
system (ROS) [35] and the driven trajectory as well as the transformation of the point
clouds to a global reference were generated using a simultaneous localization and
mapping (SLAM) approach [13]. We then generated our data set by extracting the
runs through the intersections which are included in the analysis. For that only those
parts of the trajectory are included in a run that lie within a 35 m radius around the
intersection center. Within the point clouds vehicles and pedestrians are detected and
their trajectories are tracked. We have presented the work described in this section
before in more detail [42].

3.1 Intersection and Behavior Features

From the recorded and preprocessed data we then extract several features to describe
both the intersection itself and its surroundings. As we additionally need a way to
describe the driving behavior of the participants, behavior features are calculated from
the driven trajectories as well. The intersection features include features describing
properties of the driven path, the intersection itself and features about the traffic at
the intersection the participant had to interact with. The set of all features can be seen
as the complexity of an intersection.
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The driven path is described by the entry position and the turning direction. For the
entry position p. the T-intersection is rotated such that it resembles the letter “T”. The
entry position can then either take the value left, bottom or right. The entry position is
not considered in case of the X-intersections because of their symmetry. The turning
direction p, takes one of the values left, straight or right. At T-intersections not all
turning directions are possible depending on the entry position.

Further, we define features that describe the traffic at the intersection the partic-
ipants had to interact with. For that we use the number of pedestrians nj, and the
number of vehicles n, as features. Both pedestrians and vehicles are counted if they
are detected in the point clouds during the approach to the intersection. Please refer to
[42] for further details on the detection and tracking. The visible vehicles are divided
into further features: The number of interaction vehicles n,; are those vehicles that
are within 10 m from the intersection center at the same time as the test vehicle.
In order to be counted their observed track has to pass the intersection center. The
interaction vehicles are further analyzed if they have the right of way over the test
vehicle or if they have to give way; the number of vehicles that fulfill these conditions
are counted in ny and ngy,, Tespectively.

The final class of intersection features is designed to describe the static envi-
ronment at the intersection. Among them is the number of trees n, that are near
the intersection and the road a participant uses to enter the intersection. To judge
the occlusion of an intersection during the approach we include visibility distances.
These are the distances at which reference points in the streets to the left and right
of the street the vehicle enters the intersection from are visible for the first time. The
reference points are placed on the center line of the streets at a distance of

2

vlTl X
dref = Umax I + T (D
2|ay|

from the intersection center. This is the distance that is needed to stop when driving
at the speed limit of vy,,x = 30km h~!. With areaction time of #, = 1 sand a braking
deceleration of a, = 6 ms?, the distance of the reference points is dief = 14.12 m. We
use two variants to calculate the visibility distance, an approach based on the point
clouds and one based on object polygons. For the point clouds variant we merge the
current and the two point clouds before and after to the merged point cloud P(d).
This represents the merged point cloud at distance d from the intersection center. For
that the current trajectory point is projected onto the center line of the current lane,
the distance is then measured along the lane center. Within P(d) cylinders C;; with
aradius of 0.6 m are placed between the current location and the reference points i.
If there is at least one point of P(d) within Cs;, reference point i is considered not
visible at distance d. The visibility distance d, . ; to each reference point is then the
distance at which the reference point is visible for the first time. Alternatively, we
use polygons of the buildings and tree trunks along the intersection to determine the
visibility distance. For that we draw a sight line between the current location and
the reference points. If this line does not intersect with any polygon, the reference
point is visible. Again, the first distance d for which this is true determines the
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visibility distance dyp ; of a reference point. The visibility distance of an intersection
is the minimum visibility distance of all its reference points: dy,. = min; (dv.., i). To
include the actual and perceived narrowness of the road leading into the intersection,
we define three widths that are calculated along the normal of each point of the
trajectory. The street width w(d) is the distance from the intersection points of the
normal at distance d with the street curbs and is calculated based on the map of the
intersection. For the visible range the point clouds are analyzed. It describes how
far a driver can see to the left and right and is supposed to model the perceived
narrowness of the street. For each trajectory position the lidar data is evaluated along
the normal at sensor height. The first point within +5° in vertical direction and +10°
in horizontal direction determines the visual range. For the visual range w,(d) this
is performed both to the left and right of the trajectory. The available width w,(d)
is a combination of the previous two widths and describes the space on the street
that is available to drive on. At each trajectory point the smaller one of the street
width wy(d) and visual range w,(d) determines the available width. For this the
calculation of the available width is adapted such that it includes all points within
415° in vertical direction. All three widths are averaged over the approach interval
from 25m to 7m before the intersection center. A more detailed introduction into
the features discussed here can be found in [42].

To describe the driving behavior at the intersections, we define three features
based on the driven trajectory: the commit distance, the velocity drop and the min-
imum velocity. The commit distance is the distance from the intersection center at
which, given the current velocity, stopping before the intersection center is no longer
possible:

_ v(d)?
d. = m;lx (d <v(d)t + M) . 2)

The commit distance can be interpreted as a measure for the distance at which the
final decision to drive is made. The further from the intersection, the more offen-
sive the driving behavior. The minimum velocity is the minimum velocity that the
driver assumed during the approach interval of d; = 25m to d. = 0 m distance to
the intersection center:

Umin = min(v(d)), ds>d > d.. 3)

The final behavior feature is the velocity drop. It describes the ratio between the
minimal velocity during the approach vp;, to the mean initial approach velocity v,
in the interval from 25m to 20 m:

vy = 4)
Va
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3.2 Prediction of Driving Behavior

Using the intersection and behavior features from above we can now predict the
driving behavior. For that we train several Random Forest (RF) [3] regression models.
RFs are employed because of their ease of use and because they can model non-linear
dependencies [22]. Several other regression methods could be used here as well.
We use the intersection features, or a subset of them, as predictors and predict the
behavior features. For each combination of the three behavior features and the two
intersection types (X- and T-intersections) 10 models are trained. For each of the 10
models 70 % of the runs are used as the training set, the remaining 30 % are used as
the test set. In Table 1 the average and standard deviation of the 10 models are given
for all variants. The performance of the RF regression models is evaluated using the
root mean squared error (RMSE):

(RN,
RMSE = | =3~ (5 - ). (5)
k=1

N is the number of runs in the test set, y; is the behavior feature of the k-th run of
the test set and ;. is the value of the behavior feature estimated by the regression
model for the same run. A first analysis was performed using the entire feature set
as introduced in Sect. 3.1. For the T-intersection models all 13 features were used.
In the case of the X-intersections the entry position p. was omitted as a feature.
The results of that analysis are given in the first row of Table 1. The last row of this
table contains the reference value, that is the results of a naive regression model that
outputs the mean of the training set. The prediction error of the driving behavior
for all three behavior features is well below the reference value with a low standard
deviation for both the T-intersections and the X-intersections. The performance of
this regression model is especially noteworthy given the fact that driving behavior
might also be influenced by a driver’s personality or mood.

Additionally, we investigate whether a dimensionality reduction of the feature set
is feasible. For that we first select a subset of the most relevant complexity features.
This selection is a compromise between the feature importance of all investigated
model variants. The remaining features are the entry position p. (only for the T-
intersections), the turning direction py, both visibility distance variants d, . and d, p,
the street width wg and the available width w,, the number of trees n; and the num-
ber of visible vehicles n,. This means that there is only one feature describing the
traffic. This might, at least in part, be explained by the fact that most runs did not
include any cooperation partners as this study was conducted in regular traffic. The
performance of the RF regression models with that feature set are given in the second
row of Table 1. The regression is less accurate than with the full feature set, but the
performance is very similar, indicating that these reduced complexity feature sets are
sufficient to predict the driving behavior at intersections.
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Table 1 Mean RMSE regression results for T-intersections and X-intersections using different
feature sets and all behavior features: commit distance d., minimum velocity vy, and velocity
drop vg4. The standard deviation is in brackets

1

d. inm Umin INM 8~ vd
T-int. X-int. T-int. X-int. T-int. X-int.
Full feature | 1.492 1.696 1.033 1.150 0.153 0.159

set

(0.050) (0.093) (0.036) (0.057) (0.005) (0.008)

Reduced 1.512 1.728 1.068 1.173 0.157 0.162
feature set

(0.049) (0.110) (0.036) (0.069) (0.006) (0.008)

Directions | 1.800 2.590 1.298 1.686 0.187 0.209
feature set

(0.068) (0.084) (0.041) (0.045) (0.006) (0.008)
Reference | 3.093 3.229 1.977 2.000 0.275 0.256
(0.116) (0.135) (0.051) (0.075) (0.004) (0.011)

As the entry position p. and turning direction p; are relevant factors to the driving
behavior [42], we also train models with only these two complexity features. In case of
the X-intersections we only use the turning direction p;. The performance of these RF
regression models is given in the third row of Table 1. The results show that prediction
is still possible, the performance, however, decreases substantially compared to the
full and reduced feature sets. This is especially true for the X-intersection. A possible
explanation for the reduced performance might be that both features can only assume
three distinct values each. Thus there are only six distinct value combinations possible
in the case of the T-intersections and only three combinations for the X-intersections.
This limits the number of possible regression values to the same numbers, thus
causing a less accurate regression.

4 Behavior Generation

The second aspect of this work focuses on an approach to decide on the behavior
of an A-V at a T-intersection, i.e. whether it drives first or waits for its cooperation
vehicles (C-V) to pass the intersection before it. Both this high-level decision and the
resulting longitudinal acceleration of the A-V is covered by our proposed decision
making algorithm. There are several challenges associated with this problem: As
the driving paths of the A-V and its C-Vs intersect, there oftentimes is no solution
that guarantees safety from collisions in any possible scenario. This would only be
possible if the A-V always waits for all other vehicles to drive first. This, however,
is not a feasible option. It would firstly lead to a deadlock if there is another A-V
with the same strategy. This behavior could secondly be more confusing than helpful
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when interacting with human drivers, especially given that human drivers prefer
others to drive first in complex scenarios such as deadlocks at T-intersections [20].
In order to avoid these problems, a certain degree of risk has to be accepted. Also,
another challenge is the number of possible interactions between the vehicles that
are involved in the situation. If all pairwise interactions are explicitly modeled the
model is dependent on the number of cooperation partners. Also, explicitly modeling
all interactions would be challenging.

4.1 Basic Setup

The algorithm is modeled as a discrete event system (DES) and does not assume
any communication between the vehicles. The only available information is the
observable state of the C-Vs, i.e. their position, speed and acceleration and the map of
the intersection. As soon as a C-V is closer than 10 m from the start of the intersection
we assume that the turning direction is known, e.g. by observing the indicators or
from the driven trajectory. There exist previous works from literature that support
this assumption [32, 46]. In this work the vehicles follow the center line of their lane,
so only the longitudinal acceleration has to be controlled. The map is a generic T-
intersection with a 90° angle between the bottom street and the street going straight,
see Fig. 1 for a schematic. Additionally, we consider occlusions at the intersection.
For that we define two points that specify the corners of obstacles between the
streets that block the direct line of sight. These points are placed on the bisecting
lines between the streets and the distance from the curb is used to parameterize the
visibility conditions.

To simplify the model and reduce the number of vehicles that have to be evaluated,
we only consider those vehicles that are currently relevant to the A-V. Each of these
vehicles is evaluated independently. With that strategy we avoid having to model
the interaction between all possible pairs of vehicles as well. Each of the relevant
C-Vsis assigned a virtual traffic light that is either red or green. The A-V only drives
offensively if all traffic lights are green, a red light thus means that the A-V cannot
drive due to that vehicle. The first relevant C-V is the vehicle that has priority (P-V)
over the A-V, i.e. the vehicle closest to the intersection on the next street to the right.
If the A-V will turn into the next street to the right itself, there is no P-V as the A-V
does not have to yield to any vehicle in this case. Additionally, the vehicle that has
to yield (Y-V) to the A-V has to be taken into consideration. The Y-V is the vehicle
closest to the intersection that is approaching on the next street to the left. If its path
does not intersect with the A-V’s path, the vehicle behind it is evaluated. To ensure
a safe passage of the intersection, two more vehicles have to be considered. The
blocking vehicle (B-V) is the closest vehicle that is leaving the intersection on the
same road as the A-V will and the leading vehicle (L-V) is the vehicle driving directly
in front of the A-V on its path. The B-V and the L-V can be the same vehicle. All
these vehicles are relevant for the decision of the A-V as either their paths intersect
with the A-V’s (this is the case for the P-V and the Y-V) or because they can hinder
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Fig.1 Schematic representation of a scenario at a T-intersection. The visibility is determined by the
visibility edges C1 and C2. These are placed on the bisecting lines between the streets originating
from the intersection center IC. With that the visible street area can be calculated. In this case
vehicles B, Y1 and L are visible, vehicles P and Y2 are not visible. The A-V enters the intersection
from the bottom direction and turns left. It has to yield to vehicles from the right and has priority
over vehicles from the left. Therefore, vehicle P is the P-V (as soon as it becomes visible). As both
Y1 and Y2 are turning right, there is no Y-V. If Y2 were to drive straight it would be assigned
the Y-V even before its preceding vehicle Y1 passes the intersection. Vehicle B is the B-V as it is
driving on the road the A-V intends to enter and is potentially blocking this road if it is too close to
the intersection. Vehicle L is driving directly in front of the A-V and is thus the L-V

the A-V from leaving the intersection right away (in the case of the B-V or the L-V).
We only consider the vehicles closest to the intersection as only those are directly
relevant for the decision of the A-V. A vehicle behind e.g. the P-V is irrelevant as it
cannot interact with the A-V as long as the P-V is before the intersection. The same
is true for the L-V: The vehicle driving in front of the L-V does not directly affect
the A-V. If one of the C-Vs passes the intersection the situation is re-evaluated, the
labels are assigned anew and all considerations are based on the new assignments. In
the case of limited visibility the A-V might currently not be able to see some of the
vehicles, despite them existing. To cope with that possibility certain non-existence is
only assumed if a reference point that is placed on the road center at a radius of 25 m
from the intersection center is visible. In the case of the B-V the reference point is
set to a distance of 15 m and the existence of the L-V is assumed to be known in any
case. If the turning direction is not yet known, the worst case is assumed. Both the
vehicle assignment and the visibility is showcased in Fig. 1.

4.2 Decision Making Algorithm

As the algorithm for decision making is modeled as a DES, the vehicle is described
and controlled by its current state. The state only changes if an event occurs. For
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the definition of these events features that are based on the observable data are used.
Based on the current state the behavior of the A-V, i.e. its acceleration, is determined.

4.2.1 Features

To indicate for which vehicle a feature is calculated, it is marked by a corresponding
index: (-)*, x € {a, p, y, b, 1}. All distances are measured along the drive path of a
vehicle. The distance to scenario dy () is positive before, zero within and negative
after the intersection. The begin of an intersection is defined as the point where lanes
diverge and the end is the point where lanes merge. All features are calculated for
the current time ¢. For better readability this dependence is omitted in the following.

At an intersection, the drive paths of vehicles oftentimes intersect. The area where
the lanes of two vehicles overlap is referred to as the common collision zone. For
the algorithm only the distances to the collision zones of the A-V with its C-Vs are
needed. d; , , and d;, . are the distance of vehicle x to the beginning and the end
of the collision zone of the A-V with the C-V x.. The distance of the A-V to the
beginning of the collision zone with the P-V is then d? p,p and the distance of the P-V

to the beginning of the same zone is d" . Based on the distance to collision zone
the time to collision zone is calculated usmg the current velocity v* of vehicle x:

X dgxc
lox,.. = v (6)

Additionally, the distance required to brake to a complete stop assuming the velocity
v; and the acceleration a; is used as a feature:

x 2
—(;';g , af < O0ms™2
X X X "
dy (vi.a3) = 10 al=0ms 2 Av) = Oms™? - ™)
00, otherwise

The distance to the last stopping point 4} is the distance to the point a vehicle has
to stop to not interfere with any other driving path through the intersection. The
final feature is the free distance behind the B-V. This feature measures the distance
between the end of the intersection and the rear of the B-V including the distance to
break in an emergency (¢, = —7.5 ms~?) from the current velocity:

1
d? = dlb — E ly + dg (Ub, ae) s ®)

where dib is the current distance along the driven path from the end of the intersection
and [, = 4.4 m is the length of the vehicle.
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4.2.2 Events

In our model the behavior is supposed to differ depending on the distance of the A-V
to the intersection. Thus, the approach to the intersection is split into six zones. The
current zone is determined by the A-V’s distance to scenario d?. In the first zone
(d? > 40 m) the A-V is not controlled by the decision making algorithm but drives
freely. At the beginnings of the second (40m > d? > 25m) and the third (25m >
d? > 10m) zone a single prediction of the P-V is performed and the behavior of the
A-V is adapted accordingly. The A-V adapts its behavior to show its intention as
early as possible. The prediction is only run twice to avoid changing the behavior too
often. The fourth zone is the area just before the intersection (10m > d? > 1 m). In
itthe A-V constantly monitors the behavior of its C-Vs and adapts its own behavior if
necessary. Zone 5 is the area within the intersection itself (1 m > d? > O m). In these
last two zones the final decision on the behavior has to be made and then executed
accordingly. The final zone 6 is the street past the intersection where the vehicle is
no longer controlled by the decision making algorithm.

The model is based on events, most events are themselves a combination of so
called base events. Their meaning and definition is shown in Table 2 and the events
are presented in Table 3. Each of the four relevant C-Vs has a traffic light event
assigned to it. The P-V is the only vehicle that has two variants of that event. In

Table 2 Base events for the DES for decision making

Name Description Condition

epl Certain non-existence of P-V Ref. point is visible and no P-V detected

e No conflict expected with P-V Bpet Aty <10 ANdE, 4 Ady < df

€3 P-V stopped near intersection W <y AaP < Osm2 AP <dy A df,p’b >
Om

eba P-V yields th >ty

ebs Y-V inside collision zone dg,y,b <0mA dg,y,e > 0m

ebe A-V can pass before Y-V Eye < té" v.b

ey7 Stop possible (comfort dec.) d > di (vi, ac)

eps Y-V stops & A-V could brake dt > (d{,1 (vi,ap) +0.2 m) AVY < vg
AaY < Osm2 /\dcy’y,b > dg WY, aY)

eh9 Y-V stopped near intersection vW<uvAaY < OSE2 AdY <dy A dzy’b >
Om

€b10 Certain non-existence of B-V Ref. point is visible and no B-V detected

épl1 Enough space behind B-V d}’ > Iy 4+ dmin

ep12 L-V does not exist No L-V detected

ep13 L-V passed intersection di <O0m

epla Stop possible (emergency dec.) dl > dff (v, ae)

ebls Deadlock possible A-V, P-V, Y-V: turning directions intersect

ebl6 A-V stopped near intersection V! <vsAa? <0ms™2A < df <dy
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Table 3 Events of the DES for decision making. Most events are a combination of base events

Definition Description

elpl = epl Ve Green light from P-V in zones 2 and 3
elpl = €l Ven2 V (eb3 A eps) Green light from P-V in zones 4 and 5
el,y = —eps A (ens V ep7 V eps V eny) Green light from Y-V

€1,b = €p10 V ebll Green light from B-V

€11 = ep12 V €p13 Green light from L-V

e Entered next zone

e3 = epla Emergency stop possible

e4 = epl5 Deadlock possible

e5 = ep3 A epg A eplg Deadlock detected

e6 = ep3 A epo Deadlock of C-V detected

the prediction phase (zones 2 and 3) its light is green (event ey ) if the A-V is
either certain that no P-V exists (base event ey,;) or if it does not expect a conflict
with its P-V (the A-V is predicted to enter the intersection at least A, = 2.5s and
Ady, = 10 m earlier, ep;). In zones 4 and 5 the light is additionally set to green (ey p,11)
if the P-V is currently stopped close to the intersection (the velocity is below the stop
threshold of v, = 0.15ms™!, it does not accelerate and it is closer than the threshold
d, = 12 m to the start of the intersection, ey3) and the wait time ¢ has exceeded its
ty = 2 s limit (i.e. both vehicles stood for 2 at the intersection and it is not due to
a deadlock, epq). The parameters are either set to the authors considerations and are
thus options to parameterize the model or are due to physical constraints.

The traffic light of the Y-V (e y) is green if the Y-V is currently not within the
common collision zone (—eps) and if at least one of these events is true: The A-V
is predicted to be able to pass the collision zone before the Y-V (base event epg);
the Y-V is stationary close before the intersection (epg); the distance to the last stop
point of the A-V is still large enough so that it is able to stop before it without
exceeding the comfort deceleration of a. = —2.5ms™? and assuming a velocity
within the intersection of v; = 6.5ms™! if driving straight and v; = 4.0ms™! if
turning (ey7); the Y-V is slow (vg = 2ms™!), it currently brakes such that it will
come to a complete stop before the beginning of the collision zone and the A-V
has enough space remaining for a hard stop (a, = —4.5ms™?) if it should become
necessary (epg). The latter two base events allow the A-V to drive despite currently
not being predicted to pass the intersection before the Y-V. With these conditions
we avoid unnecessarily defensive behavior. Only if the A-V is very close to the
intersection and still cannot drive first safely, it yields to the Y-V.

The B-V gives green light (e p) if the A-V is certain that it does not exist (base
event ey ) or if there is enough space (i.e. the length of a vehicle /, and the minimum
distance for a following vehicle during standstill d,;, = 1.5 m) behind the B-V so
that the A-V can pass the intersection without the risk of having to stop inside the
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intersection (ep1). The L-V has a green traffic light assigned to it (e ;) in case it does
not exist (ep12) or after it has passed the intersection (ep13).

Additionally, some further events are needed for the model. If the A-V enters a
new zone in the current time step, event e; is triggered. Event ej is triggered if an
emergency stop before the intersection is still possible. If the turning patterns of the
A-V, the P-V, and the Y-V all intersect with each other, a deadlock is possible (es).
A deadlock occurs (es) if both the P-V (ep3) and the Y-V (en9) as well as the A-V
(eb16) are stopped before the intersection at the same time. If only the P-V and the
Y-V are standing at the intersection, a deadlock of the C-Vs occurs (eg).

4.2.3 DES Model

Each zone has states associated to it. The model can only be in a state that is associated
with its current zone. In zones 1 and 6 there is only one state each (s1o and sgp), as
the model does not influence the behavior in these states. The remaining states each
have a state for offensive driving (states s»1, $31, S41 and ss1) and defensive driving
(s22, 8§32, S42 and s5p). Offensive states prepare the A-V for driving directly through
the intersection or are the state in which the vehicle actually passes the intersection.
The defensive states correspond with waiting before the intersection or describe the
waiting state directly. State ss3 describes offensive driving after waiting in state ss,.
The model switches between states if certain events occur. The model and all its
states and events are shown in Fig. 2.

zone |

e3 N\ ((84 A —|86)
V(s £ mey)

|

|

|

| eq VvV (—‘64 A eg)
| |

d*>40m '40m > d® > 25m! 25m > d°
: , >10m

within intersection
Im>d}>0m

d* <0m

s

> 1m

Fig. 2 DES of the A-V. If none of the events attributed to the current state occurs, the system
remains in that state. These events have been omitted for better readability. The event eg = e p 11 A
e1y A e1p A ey describes the case that the traffic lights of all four relevant C-Vs are green in zones
4 and 5. Event eq) = e4 A es Aeqp A eq is true if a deadlock is possible, has occurred and both
the L-V and the B-V do not obstruct the A-V from driving
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During the approach the model always starts in state s;o. It remains there until
it leaves the first zone (event e;). When this happens, the prediction of the P-V is
evaluated for the first time. In the prediction phase only the P-V is considered as the
A-V only has to yield to this vehicle. In case of green light (e;,, 1) the A-V assumes
its offensive state s,;, otherwise it drives more defensively in state s,;. When it
eventually enters zone 3 the same evaluation is performed again. If the evaluation
leads to a green light, it enters state s3; that is associated with offensive behavior,
otherwise it enters state 53, and shows defensive behavior. When the A-V leaves
zone 3 there is no prediction, it transitions from state s3; to s4; or from s3; to s4»,
thus keeping its offensive or defensive behavior, respectively. This can be done as
the prediction is run constantly (i.e. in every time step) in zones 4 and 5.

In addition to the constant prediction, all four relevant vehicles are now considered
for decision making, as the A-V is close to or within the collision zones with its C-Vs
in these zones and dangerous situations can thus occur easily. If the A-V is in the
defensive state s4» and all four lights are green (evente; = ej 1 Aejy Aegp Aer)
and if a deadlock cannot occur (—ey), it transitions to state s4. If it is in the offensive
state s4; it switches to s4; if at least one of the four lights is no longer green (—e,) and
if there is still enough space for an emergency stop by the A-V (e3). This does not
pose a large risk as the parameterization for the green lights is rather conservative.
Additionally, this strategy avoids a potentially dangerous stop within the intersection.
If the vehicle reaches the end of zone 4 and enters zone 5 (event e;), it progresses
from s4; to s51 or from s4; to §5, respectively. If the vehicle is in state ss; it remains in
this offensive state unless at least one of the traffic lights is no longer green (—e,) and
there is still enough space for an emergency stop (e3). In this case it transitions to state
s52. There is no transition from ss, to ss;. Instead, the A-V can only leave the waiting
state ss; to ss3 if all traffic lights are green again (e,) while no deadlock is possible
(—ey) or if there is a deadlock that the A-V tries to solve (eq = e4 A es Aejp Aep)).
If a deadlock is detected by the A-V it always tries to drive first. An alternative
strategy would be to drive after a certain waiting period. State ss3 is an offensive
state that is assumed after the A-V was defensive. From it, the A-V either progresses
to s¢o after it leaves the intersection (e,) or it returns to the defensive state ss; if it can
no longer drive safely. The latter is the case if an emergency stop is still possible (e3)
and either a deadlock is possible (e4) but the cooperation vehicles are not stopped
(—eg) or a deadlock is not possible (—e4) and not all lights are green (—e,). State
S0 1s the only state of zone 6. This state is not controlled by the algorithm as the
interaction at the intersection is now over.

4.2.4 Acceleration

So far the DES only describes the current situation of the interaction. To actually
control it, the behavior of the A-V has to be set depending on the current state of
the DES. For that we set a target velocity for each state (see Table 4) and control the
vehicle using the intelligent driver model (IDM) [40]:
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Table 4 Target velocities v, in m s~ ! for the states of the DES. Entries marked with an asterix are
set in conjunction with a virtual vehicle to enforce stopping before the intersection

State 521 $22 8§31 8§32 S41, S51, §53 | 542, $52
e straight | 8.3 6.0 7.5 6.0 6.5 6.5"
v turning | 8.3 6.0 6.0 6.0 4.0 4.0

a v\ d*\? i a v Av
a = dy 1-— v—t — Ad with d :dmin-f—v tmin+2,\/Tm_ab. (9)

With the maximum acceleration a,,, = 2.5 ms~2, the braking deceleration a, = ac,
the target velocity v, as specified in Table 4, the distance along the drive path to the
L-V Ad, the difference in velocity Av = v® — v! and the minimum time between
following vehicles #,;, = 1.2s. The acceleration a® by the IDM is limited to a lower
threshold of apin = ac. If there is no L-V Ad is set to infinity and v =0ms'. In
states s4p and ssp the A-V is supposed to stop 1 m before the last stopping point. If
this is not possible, the A-V brakes harder (ani, = ap) to still stop at that point. If
this is also no longer possible, an emergency stop with am;, = d. is initiated and the
A-V will stop directly at the last stopping point. To ensure that the A-V stops at its
stopping point, a virtual vehicle is placed such that its rear is dy,, before the stop
point. The virtual vehicle is not used if there is an L-V that is closer. v is set to the
same value as in the offensive states s4; or s5;. This approach ensures that the A-V
proceeds to its stopping point if there is no L-V before the intersection and that the
A-V is able to restart after waiting in a queue to proceed to its stop point.

4.3 Simulation Results

To test and validate our proposed decision making system we implemented a simu-
lation framework. To properly test the algorithm, also the C-Vs have to be simulated.
For that a simplified version of the proposed algorithm is used because we are only
interested in testing the A-V’s algorithm. In it, the conditions for driving depend on
fewer features and events and zones 4 and 5 of the original algorithm are merged.
In this zone the decision to drive first is not revised, i.e. once the algorithm decides
to drive, it continues to do so regardless of any future development of its surround-
ings. In case of a deadlock, the C-V waits for a random duration before it tries to
resolve the situation. The C-Vs detect a deadlock before the A-V does. That way,
it is also possible for the C-Vs to drive first despite the A-V driving as soon as it
detects a deadlock. That way it is possible to test the behavior of the A-V’s algorithm
if someone else tries to resolve a deadlock. Additionally, visibility is not taken into
consideration for the C-Vs, all vehicles are visible by the simplified algorithm at
all times. Finally, the algorithm of the C-Vs can have some special behavior to test
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certain aspects of the main algorithm: They can be set to drive first despite having
to yield and alternatively they can be set to wait for an arbitrary duration if they are
allowed to drive first. This behavior is only shown when the relevant cooperation
partner from the C-V’s perspective is the A-V. With both variants we can test the
A-V’s behavior towards unexpected behavior. Additionally, the target velocity inside
and after the intersection can be reduced. With that one can further ensure that the
A-V only drives once the intersection is cleared.

Within the simulation framework, the simulation for a single run is performed as
follows: First, the map for the simulation is loaded and all vehicles are initiated. Then
each time step is simulated: The currently visible vehicles are determined and only
the current states of these vehicles are presented to the algorithm. Then the C-Vs are
identified and the features are calculated. Afterwards, the currently active events are
checked and the DES is updated. Finally, the acceleration is calculated. These steps
are performed for the A-V and all C-Vs.

For the simulations we used the generic map as described above, the visibil-
ity distance was set to either dy € {7m, 14m, 21 m} and there were either n. €
{1,2,3,4,5, 6} cooperation vehicles present in the simulation. Each of these com-
binations was simulated 200 times, resulting in 3600 simulations in total. In each
simulation run the distances to the intersection of all vehicles and their initial veloc-
ities and turning patterns were set randomly within a certain feasible range. The
special behavior and the waiting durations were set randomly as well.

None of the simulations resulted in a collision. One should note, however, that
it is possible for two C-Vs to restart simultaneously after a deadlock. As the deci-
sion to drive is not revised, this would result in a collision. Such a run could safely
be disregarded for evaluation as we are only interested in the performance of the
A-V’s algorithm. For each run we also measured the time to drive through the
intersection #q (time while the A-V was within 30m > d¢ > Om). If we average
over all runs with the same visibility distance, we get the following average dura-
tions and corresponding standard deviations: 73 (dy = 7m) = 12.10s (o = 6.035),
tqg(dy = 14m) = 12.14s (o0 = 6.185s) and 4 (dy =21 m) = 12.16s (o = 6.23 ).
As these values are very similar, we did not analyze the results separately for each
visibility distance. In Table 5 the time to drive through the intersection is averaged
over all runs that have the same number of P-Vs and Y-Vs. The results from that
table have to be interpreted with caution as there are some aspects that are not con-
sidered, e.g. a leading vehicle that has to wait can increase the duration even though
the A-V would not have had to stop. Also, there are only a few runs with more than
three vehicles of a kind, the average is thus less reliable. Nonetheless, the results
indicate that the algorithm results in reasonable decisions: The average time to pass
the intersection increases with the number of cooperation vehicles. The increase is
more pronounced for the P-Vs than for the Y-Vs. This is to be expected as one has
to yield to the P-Vs instead of the interaction with Y-Vs where one should have to
wait less often.
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Table 5 Average time to clear the intersection by the number of P-Vs and Y-Vs for all visibility
distances

0P-Vs 1P-V 2 P-Vs 3P-Vs 4 P-Vs 5P-Vs
0Y-Vs 9.49s 14.02s 19.435s 22.49s 24.265s 29.39s
1Y-V 9.62s 16.79s 21.95s 25.45s 29.87s 36.6s
2 Y-Vs 13.53s 19.83s 25.28s 27.31s 36.87s -
3Y-Vs 15.87s 20.58s 24.73s - - -
4Y-Vs 26.87s 15.22s - - - -

5 Conclusion

The results from Sect. 3 show that the driving behavior of human drivers depends on
the intersection. We can thus predict the driving behavior using features that describe
the intersection itself, its surroundings and the traffic there. As these features can be
considered as a description of an intersection’s complexity, one can conclude that the
complexity of an intersection has an influence on the driving behavior. We further
show that it is possible to predict the driving behavior using only a subset with the
most relevant features. In future work we intend to directly ask human participants
for a complexity rating of such situations. With that we hope to find a dependence
between the perceived complexity and the resulting behavior.

In Sect. 4 we further present a decision making algorithm that is able to reliably
drive through an unsignalized T-intersection while interacting with other drivers. We
validate our proposed algorithm with a simulation and the results indicate a reliable
performance. Future work on this topic will include variants of this algorithm for
further scenarios such as X-intersections, roundabouts or narrow passages. We further
intend to run the algorithm on real world maps.

Acknowledgements This project has been funded within the priority program 1835 “Cooperatively
Interacting Automobiles” by the German Research Foundation (DFG). Mapping data has been
provided by the City of Karlsruhe.

References

1. §11 Straenverkehrs-Ordnung (StVO) (visited: November 23, 2022). https://www.gesetze-im-
internet.de/stvo_2013/__11.html

2. Bouton, M., Nakhaei, A., Fujimura, K., Kochenderfer, M.J.: Scalable decision making with
sensor occlusions for autonomous driving. In: 2018 IEEE International Conference on Robotics
and Automation (ICRA), pp. 2076-2081 (2018)

3. Breiman, L.: Random forests. Mach. Learn. 45(1), 5-32 (2001)

4. Cantin, V., Lavalliere, M., Simoneau, M., Teasdale, N.: Mental workload when driving in
a simulator: effects of age and driving complexity. Accident Anal. Prevent. 41(4), 763-771
(2009)


https://www.gesetze-im-internet.de/stvo_2013/__11.html
https://www.gesetze-im-internet.de/stvo_2013/__11.html
https://www.gesetze-im-internet.de/stvo_2013/__11.html
https://www.gesetze-im-internet.de/stvo_2013/__11.html
https://www.gesetze-im-internet.de/stvo_2013/__11.html
https://www.gesetze-im-internet.de/stvo_2013/__11.html
https://www.gesetze-im-internet.de/stvo_2013/__11.html
https://www.gesetze-im-internet.de/stvo_2013/__11.html
https://www.gesetze-im-internet.de/stvo_2013/__11.html
https://www.gesetze-im-internet.de/stvo_2013/__11.html

108

5.

10.

11.

12.

13.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

H. Weinreuter et al.

Cunningham, A.G., Galceran, E., Eustice, R.M., Olson, E.: MPDM: multipolicy decision-
making in dynamic, uncertain environments for autonomous driving. In: 2015 IEEE Interna-
tional Conference on Robotics and Automation (ICRA), pp. 1670-1677. IEEE (2015)

. De Beaucorps, P., Streubel, T., Verroust-Blondet, A., Nashashibi, F., Bradai, B., Resende, P

Decision-making for automated vehicles at intersections adapting human-like behavior. In:
2017 IEEE Intelligent Vehicles Symposium (IV), pp. 212-217. IEEE (2017)

. DiFebbraro, A., Giglio, D.: On representing signalized urban areas by means of deterministic-

timed Petri nets. In: Proceedings. The 7th International IEEE Conference on Intelligent Trans-
portation Systems (IEEE Cat. No. 04TH8749), pp. 372-377. IEEE (2004)

. Edquist, J., Rudin-Brown, C.M., Lenné, M.G.: The effects of on-street parking and road envi-

ronment visual complexity on travel speed and reaction time. Accident Anal. Prevent. 45,
759-765 (2012)

. Faure, V., Lobjois, R., Benguigui, N.: The effects of driving environment complexity and dual

tasking on drivers’ mental workload and eye blink behavior. Transport. Res. F: Traffic Psychol.
Behav. 40, 78-90 (2016)

Fayazi, S.A., Vahidi, A.: Mixed-integer linear programming for optimal scheduling of
autonomous vehicle intersection crossing. IEEE Trans. Intell. Veh. 3(3), 287-299 (2018)
Galceran, E., Cunningham, A.G., Eustice, R.M., Olson, E.: Multipolicy decision-making for
autonomous driving via changepoint-based behavior prediction. In: Robotics: Science and
Systems, vol. 1, p. 6 (2015)

Hancock, P.A., Wulf, G., Thom, D., Fassnacht, P.: Driver workload during differing driving
maneuvers. Accident Anal. Prevent. 22(3), 281-290 (1990)

Hess, W., Kohler, D., Rapp, H., Andor, D.: Real-time loop closure in 2D LIDAR SLAM. In:
2016 IEEE International Conference on Robotics and Automation (ICRA), pp. 1271-1278.
IEEE (2016)

. Ho, G, Scialfa, C.T., Caird, J.K., Graw, T.: Visual search for traffic signs: the effects of clutter,

luminance, and aging. Hum. Factors 43(2), 194-207 (2001)

Horberry, T., Anderson, J., Regan, M. A, Triggs, T.J., Brown, J.: Driver distraction: The effects
of concurrent in-vehicle tasks, road environment complexity and age on driving performance.
Accident Anal. Prevent. 38(1), 185-191 (2006)

Huang, Y.S., Weng, Y.S., Zhou, M.: Modular design of urban traffic-light control systems based
on synchronized timed Petri nets. IEEE Trans. Intell. Transp. Syst. 15(2), 530-539 (2013)
Huang, Y.S., Weng, Y.S., Zhou, M.: Design of traffic safety control systems for emergency
vehicle preemption using timed Petri nets. IEEE Trans. Intell. Transp. Syst. 16(4), 2113-2120
(2015)

Hubmann, C., Becker, M., Althoff, D., Lenz, D., Stiller, C.: Decision making for autonomous
driving considering interaction and uncertain prediction of surrounding vehicles. In: 2017 IEEE
Intelligent Vehicles Symposium (IV), pp. 1671-1678. IEEE (2017)

Imbsweiler, J., Palyafari, R., Puente Le6n, F., Deml, B.: Untersuchung des Entschei-
dungsverhaltens in kooperativen Verkehrssituationen am Beispiel einer Engstelle. at-
Automatisierungstechnik 65(7), 477-488 (2017)

Imbsweiler, J., Ruesch, M., Weinreuter, H., Puente Ledn, F.,, Deml, B.: Cooperation behaviour
of road users in t-intersections during deadlock situations. Transp. Res. Part F: Traffic Psychol.
Behav. 58, 665-677 (2018)

Jahn, G., Oehme, A., Krems, J.F., Gelau, C.: Peripheral detection as a workload measure in
driving: effects of traffic complexity and route guidance system use in a driving study. Transport.
Res. F: Traffic Psychol. Behav. 8(3), 255-275 (2005)

James, G., Witten, D., Hastie, T., Tibshirani, R.: An Introduction to Statistical Learning: with
Applications in R, 2nd edn. Springer Texts in StatisticsSpringer eBook Collection. Springer
US, New York (2021). https://doi.org/10.1007/978-1-0716-1418-1

Li, G, Lai, W,, Sui, X., Li, X., Qu, X., Zhang, T., Li, Y.: Influence of traffic congestion on
driver behavior in post-congestion driving. Accident Anal. Prevent. 141, 105508 (2020)

Li, G., Wang, Y., Zhu, F,, Sui, X., Wang, N., Qu, X., Green, P.: Drivers’ visual scanning behavior
at signalized and unsignalized intersections: A naturalistic driving study in China. J. Safety
Res. 71, 219-229 (2019)


https://doi.org/10.1007/978-1-0716-1418-1
https://doi.org/10.1007/978-1-0716-1418-1
https://doi.org/10.1007/978-1-0716-1418-1
https://doi.org/10.1007/978-1-0716-1418-1
https://doi.org/10.1007/978-1-0716-1418-1
https://doi.org/10.1007/978-1-0716-1418-1
https://doi.org/10.1007/978-1-0716-1418-1
https://doi.org/10.1007/978-1-0716-1418-1
https://doi.org/10.1007/978-1-0716-1418-1
https://doi.org/10.1007/978-1-0716-1418-1

Analysis and Simulation of Driving Behavior at Inner City Intersections 109

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

30.

40.

41.

42.

Lin, X., Zhang, J., Shang, J., Wang, Y., Yu, H., Zhang, X.: Decision making through occluded
intersections for autonomous driving. In: 2019 IEEE Intelligent Transportation Systems Con-
ference (ITSC), pp. 2449-2455. IEEE (2019)

Liu, W., Kim, S.W., Pendleton, S., Ang, M.H.: Situation-aware decision making for autonomous
driving on urban road using online POMDP. In: 2015 IEEE Intelligent Vehicles Symposium
V), pp. 1126-1133. IEEE (2015)

Makarem, L., Gillet, D.: Model predictive coordination of autonomous vehicles crossing inter-
sections. In: 16th International IEEE Conference on Intelligent Transportation Systems (ITSC
2013), pp. 1799-1804. IEEE (2013)

Manawadu, U.E., Kawano, T., Murata, S., Kamezaki, M., Muramatsu, J., Sugano, S.: Multiclass
classification of driver perceived workload using long short-term memory based recurrent
neural network. In: 2018 IEEE Intelligent Vehicles Symposium (IV), pp. 2009-2014. IEEE
(2018)

Noh, S.: Decision-making framework for autonomous driving at road intersections safeguarding
against collision overly conservative behavior and violation vehicles. IEEE Trans. Industr.
Electron. 66(4), 3275-3286 (2018)

Oviedo-Trespalacios, O., Haque, M.M., King, M., Washington, S.: Effects of road infrastructure
and traffic complexity in speed adaptation behaviour of distracted drivers. Accident Anal.
Prevent. 101, 67-77 (2017)

Patten, C.J., Kircher, A., Ostlund, J., Nilsson, L., Svenson, O.: Driver experience and cognitive
workload in different traffic environments. Accident Anal. Prevent. 38(5), 887-894 (2006)
Phillips, D.J., Wheeler, T.A., Kochenderfer, M.J.: Generalizable intention prediction of human
drivers at intersections. In: 2017 IEEE Intelligent Vehicles Symposium (IV), pp. 1665-1670.
IEEE (2017)

Qi, L., Zhou, M., Luan, W.: Modeling and control of urban road intersections with incidents
via timed Petri nets. In: 2015 IEEE 12th International Conference on Networking, Sensing and
Control, pp. 185-190. IEEE (2015)

Qian, B., Zhou, H., Lyu, F, Li, J., Ma, T., Hou, F.: Toward collision-free and efficient coor-
dination for automated vehicles at unsignalized intersection. IEEE Internet Things J. 6(6),
10408-10420 (2019)

Quigley, M., Conley, K., Gerkey, B., Faust, J., Foote, T., Leibs, J., Wheeler, R., Ng, A.Y., et al.:
ROS: an open-source robot operating system. In: ICRA Workshop on Open Source Software,
vol. 3, p. 5. Kobe, Japan (2009)

Rahmati, Y., Talebpour, A.: Towards a collaborative connected, automated driving environment:
a game theory based decision framework for unprotected left turn maneuvers. In: 2017 IEEE
Intelligent Vehicles Symposium (IV), pp. 1316-1321. IEEE (2017)

Sezer, V., Bandyopadhyay, T., Rus, D., Frazzoli, E., Hsu, D.: Towards autonomous navigation
of unsignalized intersections under uncertainty of human driver intent. In: 2015 IEEE/RS]J
International Conference on Intelligent Robots and Systems (IROS), pp. 3578-3585. IEEE
(2015)

Shu, K., Yu, H., Chen, X., Li, S., Chen, L., Wang, Q., Li, L., Cao, D.: Autonomous driv-
ing at intersections: a behavior-oriented critical-turning-point approach for decision making.
IEEE/ASME Trans, Mechatron (2021)

Teh, E., Jamson, S., Carsten, O., Jamson, H.: Temporal fluctuations in driving demand: The
effect of traffic complexity on subjective measures of workload and driving performance.
Transport. Res. F: Traffic Psychol. Behav. 22, 207-217 (2014)

Treiber, M., Hennecke, A., Helbing, D.: Congested traffic states in empirical observations and
microscopic simulations. Phys. Rev. E 62(2), 1805 (2000)

Wang, J., Yan, J., Li, L.: Microscopic modeling of a signalized traffic intersection using timed
Petri nets. IEEE Trans. Intell. Transp. Syst. 17(2), 305-312 (2015)

Weinreuter, H., Strelau, N.R., Qiu, K., Jiang, Y., Deml, B., Heizmann, M.: Intersection com-
plexity and its influence on human drivers. IEEE Access 10, 74059-74070 (2022). https://doi.
org/10.1109/ACCESS.2022.3189017


https://doi.org/10.1109/ACCESS.2022.3189017
https://doi.org/10.1109/ACCESS.2022.3189017
https://doi.org/10.1109/ACCESS.2022.3189017
https://doi.org/10.1109/ACCESS.2022.3189017
https://doi.org/10.1109/ACCESS.2022.3189017
https://doi.org/10.1109/ACCESS.2022.3189017
https://doi.org/10.1109/ACCESS.2022.3189017
https://doi.org/10.1109/ACCESS.2022.3189017

110 H. Weinreuter et al.

43. Weinreuter, H., Szigeti, B., Strelau, N.R., Deml, B., Heizmann, M.: Decision making at
unsignalized inner city intersections using discrete events systems. tm - Technisches Messen
89(2), 134-146 (2022). https://doi.org/10.1515/teme-2021-0140

44. Werneke, J., Vollrath, M.: What does the driver look at? The influence of intersection char-
acteristics on attention allocation and driving behavior. Accident Anal. Prevent. 45, 610-619
(2012) https://www.sciencedirect.com/science/article/pii/S0001457511002855

45. Wijnands, J.S., Zhao, H., Nice, K.A., Thompson, J., Scully, K., Guo, J., Stevenson, M.: Identi-
fying safe intersection design through unsupervised feature extraction from satellite imagery.
Computer-Aided Civil Infrastruct, Engin (2020)

46. Zyner, A., Worrall, S., Ward, J., Nebot, E.: Long short term memory for driver intent prediction.
In: 2017 IEEE Intelligent Vehicles Symposium (IV), pp. 1484-1489. IEEE (2017)

Open Access This chapter is licensed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons license and
indicate if changes were made.

The images or other third party material in this chapter are included in the chapter’s Creative
Commons license, unless indicated otherwise in a credit line to the material. If material is not
included in the chapter’s Creative Commons license and your intended use is not permitted by
statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder.


https://doi.org/10.1515/teme-2021-0140
https://doi.org/10.1515/teme-2021-0140
https://doi.org/10.1515/teme-2021-0140
https://doi.org/10.1515/teme-2021-0140
https://doi.org/10.1515/teme-2021-0140
https://doi.org/10.1515/teme-2021-0140
https://doi.org/10.1515/teme-2021-0140
https://doi.org/10.1515/teme-2021-0140
https://www.sciencedirect.com/science/article/pii/S0001457511002855
https://www.sciencedirect.com/science/article/pii/S0001457511002855
https://www.sciencedirect.com/science/article/pii/S0001457511002855
https://www.sciencedirect.com/science/article/pii/S0001457511002855
https://www.sciencedirect.com/science/article/pii/S0001457511002855
https://www.sciencedirect.com/science/article/pii/S0001457511002855
https://www.sciencedirect.com/science/article/pii/S0001457511002855
https://www.sciencedirect.com/science/article/pii/S0001457511002855
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

