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Modeling Driver Behavior at Roundabouts:
Results from a Field Study

M. Zhao, D. K&hner, M. Jipp, D. Scffker, and K. Lemmer

Abstract— Advanced Driving Assistance Systems could
improve driving safety and comfort by supporting drivers in
their driving task. To realize intelligent assistance, driver
behavior prediction and recognition is an important challenge.
Therefore, the aim of this study is to develop a method to predict
whether a vehicle, having entered a roundabout, will choose an
upcoming exit or stay within the roundabout. A field study has
been conducted to collect driving behavior data for analyzing
and modeling human driver behavior in interaction with
roundabouts. Support vector machines proved to be a robust
and efficient classification method for the roundabout leaving/
staying pattern recognition problem. From the experimental
results the vehicles position can be estimated, for which the
prediction becomes reliable. The steering wheel angle and angle
velocity also proved to be able to provide sufficient information
to predict the driver behavior at the investigated roundabouts.

. INTRODUCTION

Roundabouts are well known to cause fewer traffic
accidents than traditional intersections, which is not the case
for bicycles unfortunately [1]. Often, crashes between vehicles
and bicycles happen because car drivers can overlook bicycles
[2]. One critical situation is demonstrated in Fig. 1: The driver
of the red car enters the roundabout and may look to the left to
see if there is another car in the roundabout. If, at the same
time, a bicycle driver overtakes the car driver on the right side,
the car driver is in danger of overlooking the bicycle.

One solution for decreasing the probability of such
accidents is to implement warning systems which highlight
the danger in case the driver seems to overlook a potential risk
[3]. Therefore, these warning systems need to be able to
reliably predict the future behavior of the car driver as early as
possible. Then, a warning can be issued in time. Thus, the aim
of this study is to develop a model which allows predicting the
behavior of car drivers when they drive through roundabouts.
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Fig. 1. Dangerous situation at roundabout.

A. Motivation

Roundabouts have gained importance and are considered
essential components of road infrastructure [4]. For instance,
there are already around 4,800 modern roundabouts in the US
until December 2015 [5]. A study shows that converting
intersections to roundabouts reduces injury crashes by 81% in
the US [6]. The accidents that still occur at roundabouts are
due to (a) drivers who indicate their intention of leaving or
staying in the roundabout incorrectly, and (b) drivers who
incorrectly predict the behavior of other road users [6].

One way to prevent or mitigate crashes between cyclists
and cars is to establish in-car warning systems warning their
car drivers in case of overlooking potential risks. These
systems can work efficiently, if they are enabled to predict the
upcoming behavior of their drivers and implement an
appropriate strategy [7].

B. State of the Art

Many researchers focused on scenarios on the motor way
to predict if driver will follow heading car or overtake it
[8-15]. As input variables, information about driving behavior
such as steering angle, speed, lateral position, acceleration,
and time to collision [8, 9] and about gaze behavior [10] was
used successfully. For modeling, Pentland (1999), Kuge
(2000), and Mizushima (2006) drew on Hidden Markov
Models (HMMs). The researchers assumed that human
intention is a sequence of internal mental states that cannot be
observed but modeled by abstracting the observable behavior
[11-13]. Tango (2009) compared three machine learning
techniques for modeling: Neural Network (NN), Hidden
Markov Model (HMM), and Support Vector Machine (SVM).
As conclusions it was stated that NN and SVM have



comparable performances on two-pattern recognition
(car-following/ lane-changing) with 99% detection rate;
HMM achieve 97% detection rate on three-pattern
recognition: car following, lane changing, and lane keeping on
free lane [9].

Researchers also focused on predicting car turning
behavior at (urban) intersections [16-20]. Naito (2008) used
vehicle control signals to develop a prediction model based on
K-means clustering which can reach the detection rate 95.6%
at 5 seconds before the intersections [16]; Lefévre (2011)
proposed a Bayesian network, which combined observations
from the wvehicle behavior and information about the
geometrical characteristics of the intersection [17]. Aoude
(2011) validated SVM and HMM using naturalistic driving
data at intersection [18]. Gadepally (2014) predicted driver
turning behavior at intersections with HMM, based on vehicle
dynamics information [19].

Predicting human car driving behavior at roundabouts has
hardly been in the focus of studies. Mudgal (2014) modelled
speed profiles at roundabouts using a Bayesian inference
methodology and simulated circulating speed and maximum
accelerations [21]. Sun (2016) assessed driving behavior at
roundabout based on the visual-motor coordination of
individual drivers [22]. However, a method for inferring driver
behavior at roundabouts and especially of whether or not a
driver will exit the roundabout at the next exit is not yet
available. Therefore, this study is focused on developing a
model that predicts driver behavior when drivers approach an
exit of a roundabout.

C. Research Questions

The main research question is how to model whether a car
driver continues driving in a roundabout (going straight) or
whether a car driver leaves the roundabout at the next exit
(turning right, see Fig. 2):
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Fig. 2. Possible driver behavior in roundabouts.

Il. METHOD OF MODELING DRIVER BEHAVIOR

To predict the leaving/staying behavior of drivers at
roundabouts, the data which represent two different driver
behavior categories (leaving and staying) were acquired while
driving through roundabouts. By learning the characteristics
of these data, a prediction model is developed. With this
model, new driving data whose category membership is

unknown can be identified which category they belong to.
When the category of the driving data is determined, the
leaving/staying behavior will be predicted. Therefore, this is a
classification problem, and the model can be trained with
machine learning algorithms.

A. Data Acquisition

Seven participants were asked to drive through a track at
least 30 times in the city of Braunschweig (Germany). This
track included three roundabouts with different geometrical
layouts and required the participants to take each pair of entry
and exit for the three roundabouts. The participants used a
specific car equipped with powertrain, steering angle sensor,
odometer, GPS receiver. Herewith, driving behavior (steering
angle, steering angle velocity, acceleration, velocity, and
position) was captured for each participant. The logging
frequency is 50 Hz. TABLE I and 11 show some example data
of the driving behavior for two driving patterns: leaving
roundabouts and staying at roundabouts.

TABLE I. Example data for driving pattern of leaving roundabouts.

Coordinated Velocity | Acceleration Steering
Universal Time (km/h) (m/s?) angle velocity
(ms) (grad/s)
1427457433553 22.0000 0.5775 -3771
1427457433573 21.9300 0.2250 -3771
1427457433593 21.8100 0.2050 -4114
1427457433613 21.8700 0.4775 -4457
1427457433633 21.8700 0.6500 -4114
Coordinated Steering
Universal Time angle Longitude Latitude
(ms) (grad)
1427457433553 147.0000 | 0.18390771 0.91305843
1427457433573 143.9812 0.18390770 0.91305844
1427457433593 139.5188 | 0.18390768 0.91305845
1427457433613 135.0125 | 0.18390766 0.91305847
1427457433633 131.9937 | 0.18390764 0.91305848

TABLE I1. Example data for driving pattern of staying at roundabouts.

Coordinated Velocity | Acceleration Steering
Universal Time (km/h) (m/s?) angle velocity
(ms) (grad/s)
1427456301773 18.8700 1.5525 -1029
1427456301793 18.8100 1.2250 -686
1427456301813 18.9300 0.9050 -1029
1427456301833 19.1200 0.7975 -1029
1427456301853 19.2500 0.9050 -686
Coordinated Steering
Universal Time angle Longitude Latitude
(ms) (grad)
1427456301773 183.0062 | 0.1839078 0.9130585
1427456301793 183.0062 | 0.1839078 0.9130585
1427456301813 181.5188 | 0.1839078 0.9130585
1427456301833 179.9875 | 0.1839078 0.9130586
1427456301853 179.9875 | 0.1839078 0.9130586




B. Data Pre-processing

The data relevant for modeling, which are the data
between adjacent exits of the roundabouts, had to be selected.
Therefore, the center of each roundabout and the entry corners
of the roundabouts were calculated (see the red dots in Fig. 3b
and 3c) and the data outside of these boundaries were removed
(see Fig. 3d and 3e). Then, erroneous data, i.e., wrong position
and directions were removed.

Fig. 3. Selection of relevant data

C. Driver Behavior Information and Scenario Analysis

In this study, steering angle and steering angle velocity
were selected for leaving/staying behavior prediction at
roundabout because they depend on the driving direction.
Velocity and acceleration are not suitable features for
modeling because they are affected by surrounding traffic and
the speed limit.

The steering wheel has different status in different
scenarios where the roundabout geometric design and the
driving exit are different. To improve the predicting ability of
the steering angle and the steering angle velocity, three
scenarios were distinguished in this study on the basis of the
relationship between the geometry of the roundabouts and the
steering wheel status:

e In scenario 1, drivers tend to keep steering to the right
when they drive through the roundabout. This is the
case if the angle between the entry and exit is less than
110<°and if the entry and exist are adjacent to each
other (see Fig. 4).

e In scenario 2, drivers tend to steer to the right first to
enter the roundabout but then steer to the left to follow
it and last turn to the right to leave it. This is the case if
the angle between the entry and exit is more than
110<and if the entry and exit are adjacent to each other
(see Fig. 5).

o Inscenario 3, drivers tend to steer to the left to follow the
roundabout, and steer to the right to exit the
roundabout. This is the case if the angle between the
entry and exit is more than 110=and if the entry and
exit are not adjacent to each other. In contrast to
scenario 2, the drivers do not steer to the right at the
beginning of prediction, because they are already in the
roundabout (see Fig. 6).

Three sub-models have been developed to predict the
driving behavior in these three scenarios. Sub-model 1,
sub-model 2, and sub-model 3 correspond to scenario 1,
scenario 2, and scenario 3 respectively. When the driver is
entering a roundabout, the sub-model 1 or sub-model 2 (the
choice depends on the angle between the entry and the
adjacent exit) are used to predict whether the driver would
take the next exit to leave the roundabout. If the answer is no,
then the sub-model 3 is used to predict whether the driver
would leave the roundabout through next exits.
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Fig. 6. Scenario 3
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D. Classification Using Support Vector Machine

The leaving/staying behavior prediction is a binary
classification problem. SVM has been proven to be an



effective and robust method for binary classification problems
[23]. So, in this study SVM was adopted.

The modeling process is divided into four steps:

1. Feature extraction: To vyield related features for
modeling, the data of steering angle and steering angle
velocity which is on the section between entry and
exit for each scenario and each participant were
mapped from the time line to the distance line with
interpolation. This mapping procedure was chosen
because each driver drives through roundabouts with
different speeds. For interpolation, the distance lines
were scaled from the origin at the entry line. The
drives were divided into 10 parts evenly by 11 points,
and these points were defined as “recognition sites”
(red dots in Fig. 7). At each recognition site, the
steering angle value and the steering angle velocity
value were extracted as the features for the
classification.

2. Scaling features: The features were scaled to the range
[-1, 1] to avoid variables in differing ranges
dominating those in smaller ranges [24].

3. Splitting the data set: 309 drive samples for scenario 1,
302 for scenario 2, and 450 for scenario 3 are used.
For each scenario, the data set was split into training
data set (80%) and testing data set (20%).

4. Applying cross validation: 5-fold cross-validation was
used to the training data set to identify the best
parameters for the SVM model, and the model was
validated with the testing data set.

Fig. 7. Recognition sites on one drive

At each recognition site for each scenario, these four-step
modeling process was applied. To measure the performances
of the models, the recognition accuracy is defined as the ratio
between the number of instances correctly classified and the
number of instances presented in the test dataset. The
recognition accuracy at each recognition site was calculated.
The distance from each recognition site to the oncoming exit is
also calculated, so the related position of the recognition site is
known. Given threshold of 95%, the recognition sites and their
distances to the exit were identified, where the recognition
accuracy was the earliest above 95%.

I1l. RESULTS

In this study, linear and radial basis function kernels were
tested with different parameters for the classification. The
linear kernel with C = 100 performed best. The classification
process at each site needed 0.01 s.

The results are visualized in Figures 8, 9, and 10 for three
scenarios:

eScenario 1: The recognition accuracy reached an
accuracy of 98.1% at recognition site 4 with a distance
of 13.8 m before the exit (see Fig. 8).

eScenario 2: The recognition accuracy reached an
accuracy of 97.4% at recognition site 7, which was
11.4 m away from the exit of the roundabout (see Fig.
9).

e Scenario 3: The recognition accuracy reached 98.5% at
recognition site 6, which was 14.1 m away from the
exit of the roundabout (see Fig. 10).

IV. CONCLUSION

The main result obtained is that future human behavior can
be predicted at roundabouts. To gain this result, a study was
conducted during which data on human behavior at
roundabouts was captured in real traffic. A part of the data on
steering angle and steering velocity was used as inputs to train
a model based on SVM. The resulting model was validated
with a test data set. The recognition accuracy is promising:
The upcoming behavior could be predicted with a high level of
accuracy (larger than 95%) at a distance of approximately 11
m before the exit. The results show that the steering angle and
the steering angle velocity provide important information for
driving behavior prediction at roundabout. The recognition
accuracy is getting higher as the recognition site is getting
closer to the oncoming exit.

This study has developed the model to predict driving
behavior at roundabouts, which fills a research gap of driver
behavior modeling at roundabouts. Future work should 1)
consider additional behavior variables as feature inputs (such
as speed and acceleration) and other classifiers (such as
Hidden Markov Model), 2) improve the model for behavior
prediction at generic roundabouts, and 3) focus on the required
timing for warning assistance systems.
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Fig. 10. Prediction results for scenario 3
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