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ABSTRACT1
Roundabouts have become essential tools for traffic engineers to improve safety and accommodate2
varying flow at intersections. However, due to the lack of empirical data, little effort has been3
made to analyze roundabouts from a combined perspective of traffic flow and safety. This study4
investigates the traffic conditions, gap acceptance behavior, and road safety at three Swiss round-5
abouts using drone-collected trajectory data. Moreover, we present a methodology to transform6
classical axis-aligned vehicle bounding boxes into rotated bounding boxes (RBB), representing7
vehicles more accurately. The fundamental diagram is used to identify traffic conditions, while the8
maximum likelihood method (MLM) is used for the estimation of the critical gap. The results sug-9
gest that traffic conditions significantly influence gap acceptance behavior, with drivers accepting10
shorter gaps as vehicle accumulation increases. A safety analysis is performed through the use of11
surrogate safety measures (SSMs), namely the Time-To-Collision (TTC) and Post-Encroachment12
Time (PET) indicators. Spatial distribution diagrams of TTC and PET events highlight critical13
areas at roundabout entrances and within the roundabout. In addition, vehicle-to-vehicle TTC14
interactions are modeled using a second-order polynomial regression, where the curvature at the15
vertex provides insight into the development of the event. Finally, an extensive evaluation of the16
added value of RBBs reveals the differences in SSM calculations, particularly in scenarios in-17
volving heavy vehicles and low-speed conditions, providing more representative measurements of18
vehicle interactions.19

20
Keywords: roundabout, critical gap, traffic conditions, Post-Encroachment Time, Time-To-Collision,21
computer vision, vehicle trajectory22
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INTRODUCTION1
Roundabouts are circular, unsignalized intersections designed to facilitate continuous, one-directional2
traffic flow. They have become increasingly popular worldwide due to their ability to improve traf-3
fic flow and reduce the likelihood of severe collisions. However, roundabouts still pose merging4
decisions to drivers, which can result in complex and risky situations.5

Driver behavior at roundabouts is typically studied through gap acceptance theory, a widely6
utilized analytical method for capacity calculation at roundabouts (1, 2). This approach focuses7
on analyzing the time gaps between two vehicles in the circulating stream of the roundabout, as8
observed by drivers at the yield line. The minimum interval between two vehicles that a driver9
considers safe to merge is called the critical gap. The value of the critical gap is not directly10
observable but it is estimated from the information of accepted and rejected gaps using statistical11
methods. The critical gap is recognized as the most effective calibration variable in roundabout12
simulation (3), and it is influenced by vehicle type, weather conditions, geometric features of13
intersections, and traffic conditions (4–7). While other factors have been largely studied, there has14
been little effort to study how traffic conditions, such as circulating flow and vehicle accumulation,15
influence this metric comprehensively.16

Accidents in roundabouts may arise from dynamic and continuous interactions between ve-17
hicles. These events are typically the result of poor decisions such as improper yielding, excessive18
speed, and misjudgment of gaps in traffic flow. Nevertheless, accidents are considerably rare occur-19
rences. Consequently, surrogate safety measures (SSMs) have gained popularity in recent years to20
proactively address near-crash events. This approach allows for an extended analysis by studying21
other factors related to the event such as conflict type, conflict development, and traffic conditions.22
In this study, two well-known SSMs are used to identify conflicting situations: Time-To-Collision23
(TTC), to study rear-end interactions in queuing vehicles at the entrances, and Post-Encroachment24
Time (PET) to identify risky encounters within the roundabout.25

In response to these challenges, the use of Unmanned Aerial Vehicles (UAVs) in round-26
about data collection plays a crucial role in traffic analysis. UAVs, commonly referred to as drones,27
present a versatile and cost-effective solution, offering a comprehensive bird’s-eye view that cap-28
tures the entire study area and minimizes issues related to perspective. Drones have become a29
useful, rapid, and reliable data collection technology due to the recent improvements in computer30
vision (CV) algorithms that can automatize the extraction of precise trajectories from video sources31
(8). In past studies (9), vehicle trajectories were represented as a single point vector, which corre-32
sponded to the center of the bounding box of a vehicle at each timestep. By employing a new setup33
using detailed rotated bounding boxes (RBBs) for gap and conflict detection, this study enhances34
the reliability, precision, and quality of the results.35

LITERATURE REVIEW36
Critical Gap Estimation Methods37
Gap acceptance theory analyzes driver behavior at the yield, or give way, line of a minor stream as38
they wait for a suitable gap at a major stream to merge. The critical gap is defined as the minimum39
gap that a driver in the minor traffic stream is willing to accept to merge into the major stream.40
Notably, the critical gap value cannot be observed directly, only rejected and accepted gaps can be41
measured. The calculation of the critical gap is achieved by the application of statistical models on42
the measured gap averages. Given that critical gap values vary across the population, with some43
drivers being more cautious and others more aggressive, critical gap estimation is considered a44
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stochastic process in which individual critical gaps act as random variables. Critical gap estimation1
methods aim to obtain values for the parameters of the distribution that indicate general driving2
behavior at the intersection under study.3

In the literature, several methods have been reported. Raff’s method (10) seems to be the4
earliest method for critical gap estimation. It relies on the cumulative probability functions for the5
accepted gaps Fa(t) and rejected gaps Fr(t) based on empirical data, and considers that the critical6
gap is the value of t which satisfies 1−Fr(t) = Fa(t). This method is widely used to estimate7
the critical gap in many countries due to its simplicity (11). Other studies (12, 13) utilized binary8
logit models to investigate gap acceptance. The maximum likelihood method (MLM) was first9
proposed by Troutbeck (14), and is based on the principle that a driver’s critical gap falls within10
the interval between the largest rejected gap and its accepted gap. This requires consistency in11
driving behavior, meaning that a driver with a specific tc value will never accept a gap lower than tc12
and will accept any gap larger than tc. In MLM, a probabilistic distribution for the critical gap in the13
population must be assumed, usually being a log-normal distribution. Wu (15) proposed another14
approach based on the probability equilibrium between accepted and rejected gap distributions to15
estimate the critical gap distribution. Furthermore, he discovered that the Weibull distribution had16
better fittings to the empirical gap distributions than the log-normal distribution. Although many17
other methods have been proposed in the literature (16, 17), the MLM was used to estimate the18
critical gap assuming a log-normal distribution in this project due to its reliability and robustness19
(18, 19).20

The subsequent notations are used for the equations, considering a specific driver i (i =21
1,2,3. . . n) where n is the total number of drivers with observed gaps:22
ai = the accepted gap by the ith driver23
ri = the largest rejected gap by the ith driver24
F(x) = cumulative distribution function for the log-normal distribution25

26
The maximum likelihood of a sample of drivers’ critical gap being between ai and ri is then27

computed as28

L∗ =
n

Õ
i=1

[F(ai)−F(ri)] (1)29

In practice, the log-likelihood, L, is estimated as30

L =
n

å
i=1

ln[F(ai)−F(ri)] (2)31

The mean (µ) and variance (σ2) for the distribution are determined by finding those max-32
imizing the above likelihood relation in equation (2). After obtaining the values of µ and σ2, the33
critical gap tc is defined as the mean for the log-normal distribution, i.e., tc = eµ+0:5σ2

.34

Safety Methods35
Traffic safety is a major topic that requires effective methods to enhance road safety and prevent36
accidents. Considering the rareness and low frequency of severe crash data, researchers employ37
SSMs to evaluate near-crash events and dangerous situations. TTC is a commonly used SSM38
that measures the time remaining before two vehicles collide should both vehicles maintain their39
present speed and trajectory. It is characterized by its simplicity and it provides interpretable40
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information on the likelihood of collision, especially in car-following situations. The general TTC1
threshold for dangerous situations is under 4 seconds, while in accordance with several studies,2
TTC values smaller than 1.5 seconds are frequently regarded as critical, requiring immediate action3
to avoid collisions (20, 21). Additionally, Minderhoud and Bovy (22) proposed two extended TTC4
measures: Time Exposed TTC (TET), which expresses the total time spent below a safety threshold5
value, and Time Integrated TTC (TIT), de�ned as the integral of the TTC pro�le during the time6
it is below a certain threshold. Although the TET indicator was found to be useful in comparative7
studies in simulation, it does not take into account the variation in safety levels below the threshold8
level. On the other hand, while TIT is theoretically preferable, it becomes dif�cult to interpret in9
more complex situations without signi�cant additional bene�ts. Furthermore, PET is a well-known10
safety surrogate indicator that is critical in assessing the likelihood of collisions at intersections and11
other con�ict points. PET measures the time interval between a vehicle leaving a potential collision12
spot and the "con�icted" vehicle arriving at the same location. A PET threshold of 5 seconds has13
been reported for con�icted situations (23), while a threshold of 1 second has been correlated with14
crash occurrence (24).15

Data Collection16
Traf�c data is often used to evaluate road infrastructure in terms of capacity, safety, and cost. The17
extraction of vehicle trajectory data is both expensive and technically challenging and frequently18
requires the deployment of costly traf�c monitoring systems. Video image processing provides19
a low-cost non-intrusive procedure for capturing individual vehicle operations over time, and as20
such, provides a useful tool for obtaining observational data. However, traditional video recording21
experiments involve the settlement of several cameras in the studied intersections and may face22
issues of perspective distortion and time synchronization between videos (25, 26). Vehicle tracking23
is particularly challenging for CV algorithms in the case of intersections, where vehicles move24
along in�ected trajectories. In some studies (4, 27), the authors have manually inspected and25
extracted the desired traf�c data to overcome these dif�culties. While this method is feasible, it26
requires considerable effort to implement and it might introduce inaccuracies in the data.27

Drones have been mainly used to study traf�c phenomena (28–30) while few researchers28
have shifted their effort towards using UAVs to study driver's behavior in roundabouts (31, 32).29
The authors analyzed roundabout capacity and driver behavior via gap-acceptance analysis. Nev-30
ertheless, the main drawback of drones is found in their limited battery life, usually between 231
minutes to 1 hour, requiring a logistic plan if a large data collection is needed (33).32

DATA DESCRIPTION33
The data analyzed in this project were obtained via a series of videos recorded by drones in the34
canton of Aargau, Switzerland. Three different roundabouts were studied: two in the municipality35
of Frick and one in the municipality of Laufenburg. The experiment took place on 23-10-202336
and resulted in a total of 18 videos with a total video length of approximately 5 hours and 45 min.37
This was achieved by using two drones recording at 4K (3840x2160) and 29.97 FPS. Using CV38
techniques (34), vehicles were identi�ed and tracked for the duration of their appearance in the39
image frame. The raw data was undersampled to 15 Hz to ease the data processing. Furthermore,40
Powered-Two-Wheelers (PTW) were left out of the scope of this project, focusing on evaluating41
mainly car (including vans) behavior. The details of the videos and a preliminary analysis of the42
modal share can be found in Table 1.43
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