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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

∏
i=1

[F(ai)−F(ri)] (1)29

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

L =
n

∑
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), defined as the integral of the TTC profile 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 difficult to interpret in9
more complex situations without significant additional benefits. Furthermore, PET is a well-known10
safety surrogate indicator that is critical in assessing the likelihood of collisions at intersections and11
other conflict points. PET measures the time interval between a vehicle leaving a potential collision12
spot and the "conflicted" vehicle arriving at the same location. A PET threshold of 5 seconds has13
been reported for conflicted situations (23), while a threshold of 1 second has been correlated with14
crash occurrence (24).15

Data Collection16
Traffic 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 traffic 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 inflected trajectories. In some studies (4, 27), the authors have manually inspected and25
extracted the desired traffic data to overcome these difficulties. 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 traffic 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 identified 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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(a) Roundabout F1 (b) Roundabout F2 (c) Roundabout L1

FIGURE 1 Drone snapshots of the studied roundabouts.

The studied areas of the research are the following three roundabouts:1
• Roundabout F1 is located in the intersection between Bahnhofstrasse and Hauptstrasse2

3 in the municipality of Frick. It is situated in an urban environment and is relatively3
small in size with 20m of inscribed diameter.4

• Roundabout F2 is found near Roundabout F1 in the southeast direction following Haupt-5
strasse 3 in its intersection with Gänsacker and Stöcklimattstrasse. In terms of features,6
it is the same size as the roundabout F1 with one additional leg.7

• Roundabout L1 is located in the Laufenburg municipality, more concretely in the border8
with Germany in such a way that the northeast leg directly connects to the neighboring9
country through Hochrheinbrücke. The northwest and southeast leg belong to the Haupt-10
strasse 7. This roundabout is situated in a more rural environment and it is slightly larger11
in diameter (approximately 27 m) than the others.12

TABLE 1 Comparison of Roundabouts
F1 F2 L1

Number of videos 8 6 4
Average video duration (min) 18.65 19.26 20.24
Total recording (min) 149.17 115.53 80.96
Identified vehicles 3734 2131 2043

- Car 3533 1991 1927
- Bus 52 19 18
- Truck 149 121 98

METHODOLOGY13
Extraction of Trajectories14
Extracting vehicle trajectories from drone-captured videos using CV tools is a popular method15
to collect high-quality traffic data in diverse environments. Our comprehensive CV framework16
involves five main processes: video stabilization, object detection and tracking, geo-referencing,17
and kinematic state estimation, including vehicle azimuth (clockwise angle between the north and18
the vehicle direction). The last two steps of the methodology are summarized in (9).19



Pascual Anglès, Espadaler-Clapés, Fonod and Geroliminis 7

Compared to (9), our work is based on a more advanced CV extraction pipeline utilizing1
newer and more accurate vehicle detection and tracking algorithms, as well as an efficient and ac-2
curate custom video stabilization routine (34). Furthermore, the novelty with respect to (9) is the3
introduction of RBBs. While the CV framework includes the detection of vehicles through hori-4
zontal (axis-aligned) bounding boxes (HBBs), it is possible to rotate them to account for the true5
vehicle orientation. This is achieved by estimating vehicle dimensions from HBBs and leveraging6
the azimuth information to create RBBs.7

The creation of RBBs starts with the application of a filter to ensure that all HBBs are fully8
visible within the video frame, that is, excluding vehicles entering or leaving the image frame. Only9
those HBBs that meet this criterion and align with the margins set by a small positive tolerance are10
processed further. From these HBBs, initial dimensions (vehicle length and width) are computed11
by comparing the HBBs’ width and height to determine the longer and shorter sides, respectively.12
A pseudo-azimuth, computed from trajectory points that are sufficiently spaced apart, refines these13
dimensions by retaining only those derived from vehicle movements approximately parallel to the14
image axes, within a specified angular tolerance. Finally, the vehicle dimensions are estimated to15
be the lower quartile (25%) of all remaining HBBs.16

The estimated vehicle dimensions are then used to create an instantaneous RBB by rotating17
the dimension-derived box around the vehicle’s instantaneous trajectory point, to align with the18
vehicle’s actual azimuth. This adjusted approach allows the CV framework to produce more accu-19
rate representations of vehicle orientations and movements, enhancing the quality of traffic safety20
data analysis, and contrasting with the traditional HBBs used for such purposes.21

Study Area and Fundamental Diagram22
The exact location of the center of the roundabout, the yield lines at the entrances, and the round-23
about exits were determined using the EPSG2056 projected coordinate system. Once the physical24
points were identified, virtual loop detectors were installed at the yield lines and exits of the round-25
about. Furthermore, an additional set of loop detectors was placed to examine queues created by26
the roundabout activity. Taking into account the data limitations in some legs and with the aim27
of reducing noise caused by external elements such as pedestrian crossings, the additional loop28
detectors were placed at a length of 20 m upstream of each entry leg. Finally, these loop detectors29
were used to define a study area consisting of the roundabout circulatory ring and its entrances.30
The result of this process is visually exemplified in Figure 2 for roundabout F1. The resulting size31
of the study areas was 123 m, 143 m, and 145 m for roundabouts F1, F2, and L1, respectively.32
More concretely, it was calculated as the sum of the perimeter of the roundabout roadway and the33
total entrance length, that is 20 m multiplied by the number of legs of the roundabout. Further-34
more, Edie’s definition (Equation 3) was used to compute flow q and density k, where M is the35
total number of vehicles, Ln is the study area length, and T Di and T Ti are the traveled distance36
and travel time for vehicle i in the time interval ∆T . Given the reduced size of the study areas,37
an aggregation interval of 12s was assumed. The computed q and k were used to estimate vehicle38
production (Ln ∗q) and accumulation (Ln ∗k). Vehicle accumulation can be interpreted as the total39
number of vehicles present in the study area in a given time interval, whereas production is the40
average distance traveled by all vehicles in the study area during the same interval.41

q =
∑

M
i=1 T Di

Ln∆T
, k =

∑
M
i=1 T Ti

Ln∆T
(3)42
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FIGURE 2 Study area of roundabout F1 highlighted in light blue.

Gap Detection1
In the related literature, the definition and detection of gaps are mostly underspecified and over-2
looked. It is usually assumed that gaps are measured at a reference point inside the intersection,3
with the resulting gap being the time between two consecutive vehicles crossing that point. In4
contrast, in this project it was assumed that merging drivers perceive gaps differently: they ob-5
serve gaps considering a merging space, or area, to partially account for the length of their vehicle.6
Thus, the time gap that drivers evaluate when stopped at the yield line is defined as the time in-7
terval between the rear bumper of the first vehicle leaving the merging area and the front bumper8
of the second vehicle entering that same area. The proposed methodology is based on the simple9
assumption that the merging driver requires free space in front to contemplate a gap, otherwise the10
vehicle cannot fit in between two consecutive vehicles. The process of gap definition is exemplified11
in Figure 3, where the merging space was defined between two virtual lines: the first line extends12
from the left end of the driver’s lane to the center of the roundabout, labeled as line A in the figure,13
and captures the moment when a vehicle invades the space in front of the merging driver. The sec-14
ond line was determined between the midpoint of the front bumper of the merging vehicle and the15
center of the roundabout, labeled as line B in the figure, and detects the circulating vehicle clearing16
the space in front of the merging driver. With this approach, gaps were detected for stopped vehi-17
cles at the yield line, resulting in shorter measured gaps when compared to a single reference point18
methodology. More specifically, vehicles under 3 km/h were considered to be static accounting19
for some instability and variability of the data obtained by computer vision. Rejected gaps were20
detected as those where the merging vehicle remained stopped. Conversely, a gap was considered21
accepted when the merging vehicle crossed the yield line and continued moving afterward.22

Finally, a basic data cleaning process was applied. Gaps were separated by vehicle type23
interaction, and only gaps composed of car-car interaction were kept given that heavy vehicles24
are found to have larger critical gaps (4) and could affect the estimation. Furthermore, accepted25
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A B

FIGURE 3 Schematic representation of the gap definition process. The figure exemplifies a
situation where the observed time gap by the merging driver is 0 s, as the first vehicle clears
the merging space, a second vehicle invades it.

gaps longer than 15 seconds were not taken into account since they were considered to always be1
accepted by drivers. Additionally, only vehicles with accepted and rejected gaps were retained for2
completeness. Finally, vehicles with larger rejected gaps than their accepted gap were discarded as3
the MLM requires consistency in gap-acceptance behavior.4

TTC Modeling5
TTC provides a continuous measure that allows the study of its evolution during the time period6
vehicles are exposed to the interaction. However, extended TTC measures in the literature, such7
as TET and TIT, fail to capture the development of the interaction. In this work, the shape of8
TTC interactions, under the threshold of 4 seconds, was analyzed using the dataset obtained from9
roundabout F1. TTC interactions were grouped resulting in a time series of TTC values for every10
pair of interacting vehicles. The dataset was filtered to include only interactions with a duration11
superior to 0.5 seconds. Given that theoretical TTC interactions resemble a convex parabolic shape12
(35), they were modeled using a second-order polynomial regression and those with R2 > 0.913
were retained. Additionally, the time development of the TTC interaction was explored using the14
curvature of the modeled parabola at the vertex, as an indicator of the shape of the event and its15
exposure. The curvature of a point is given by Equation 4 where f (x) is the fitted function for the16
TTC interaction and x is the position of the vertex on the x-axis.17

K =
| f ′′ (x)|[

1+( f ′ (x))2
] 3

2
(4)18
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RESULTS1
Roundabout Fundamental Diagram2
A Macroscopic Fundamental Diagram (MFD) is a powerful tool in traffic engineering that relates3
the average density (k) to the average flow (q), or average accumulation to average production,4
of traffic across an urban network (36). MFDs provide a rapid visualization of traffic conditions.5
While MFDs are usually estimated for large areas of a network with multiple intersections (37),6
the methodological framework is based on Edie’s generalized definitions of flow and it can be esti-7
mated for smaller areas with crossing trajectories of vehicles, like an intersection or a roundabout.8
Given that the study area consisted of a roundabout system, the term Roundabout Fundamental9
Diagram (RFD) is adopted. Figure 4 presents the production and mean speed RFDs for all three10
roundabouts. The graphics show how the roundabouts operate mostly on the free-flow regime and11
only roundabout F1, plotted in Figure 4a, seems to operate at a capacity regime during some inter-12
vals. Focusing on roundabout F1, some uncertainty, or sparse scatter, can be observed with more13
than 8 vehicles where high production and low production situations are produced with similar14
accumulation. Under further investigation, it was found that the congested situations were due to a15
bottleneck downstream of the exits of the roundabout, in several cases the congestion was created16
by pedestrians using the crosswalk at the southeast leg. Hence, it was determined that roundabout17
F1 enters a capacity regime at 8 vehicles of accumulation.18
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FIGURE 4 Production and speed RFDs.

Estimation of Critical Gap19
This study examined the use of the MLM to estimate critical gap for cars at three different round-20
abouts in the Canton of Aargau, Switzerland. After the filtering process, a total of 441 gaps (13421
accepted, 307 rejected), 219 gaps (66 accepted, 153 rejected) and 213 gaps (65 accepted, 148 re-22
jected) were detected on roundabouts F1, F2 and L1, respectively. The critical gap was estimated23
for each roundabout with the resulting value being 3.35 s for roundabout F1, 3.70s for roundabout24
F2, and 3.17 s for roundabout L1. Roundabout F2 displayed a notably higher critical gap, while25



Pascual Anglès, Espadaler-Clapés, Fonod and Geroliminis 11

roundabouts F1 and L1 had more similar values. A lower estimate in roundabout L1 might be due1
to its increased central island diameter, which might decrease critical gap (38), when compared to2
the other two roundabouts with same central island size. The difference in critical gap values be-3
tween roundabouts F1 and F2 is assessed in the following section, which explores traffic conditions4
influence on critical gap.5

Overall, when comparing the critical gap values in this study with those reported in previous6
studies, some similarities can be found with the values obtained in Southern European countries7
such as Portugal and Italy (1, 39). Considering that these countries are typically associated with8
more aggressive driving behavior, lower values estimated in this project were considered to be due9
to the adopted approach in gap definition which resulted in reduced time gaps. Furthermore, the10
use of RBBs, allowing for precise front and rear bumper information might be also a contribution11
to lower estimated critical gap values when compared to other studies.12

Traffic conditions influence on gap-acceptance behavior13
The relationship between traffic conditions and gap-acceptance theory was explored motivated by14
the difference between critical gap values for roundabout F1 and F2. The study focused on round-15
about F1, based on the results of the RFD and the availability of gap data. Figure 5 shows a positive16
relation between vehicle accumulation and the frequency of gap events. It was obtained with the17
following process: firstly, accumulation was discretized in intervals of 2 vehicles; secondly, each18
observed gap was associated with the accumulation interval in which they occurred; thirdly, as the19
time in each accumulation state was different a normalization was applied; lastly, accepted and20
rejected gaps were separated for further interpretation. The figure illustrates that the number of21
rejected gaps increases with accumulation, which is consistent with the concept of accumulation:22
more vehicles result in less free space, or shorter gaps between vehicles, thereby reducing the23
number of acceptable gaps. This reduction is reflected on gap-acceptance behavior, in the interval24
of 10-12 vehicle accumulation, where a slight decrease in accepted gaps is seen. Nevertheless,25
the frequency of accepted gaps increases for all previous accumulation intervals. This phenomena26
can be further studied from the gap acceptance statistics shown in Table 2. It reveals that drivers27
adapt to the time reduction of observed gaps, and modify their perception of an acceptable gap28
depending on traffic conditions. As vehicle accumulation increases to dense conditions, drivers are29
forced to accept shorter gaps resulting in a decrease in the average accepted gap from 8.06 s when30
the accumulation is low to 6.15 s when capacity conditions are found.31

TABLE 2 Gap Acceptance Statistics (in seconds)
Accumulation Mean Std. Dev.

0-2 5.53 -
2-4 8.06 3.30
4-6 7.52 3.24
6-8 7.22 2.62
8-10 6.55 2.82

10-12 6.15 3.05

Moreover, the impact of traffic conditions on gap-acceptance behavior was analyzed using32
the critical gap methodology. Observed gaps were categorized by traffic state based on the RFD’s33
interpretation. The study area was considered to be in an uncongested regime when there were34
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fewer than 8 vehicles, while with 8 or more vehicles it was considered to be at capacity. Out of1
the 441 gaps observed at roundabout F1, 319 occurred in an uncongested state, and 121 occurred2
in a capacity state. The critical gap was estimated for uncongested and capacity conditions using3
the MLM, which resulted in values of 3.56 s and 2.89 s, respectively. This reduction in the critical4
gap of more than 0.6 s further explains the lower estimate found in roundabout F1, and supports5
the notion that gap-acceptance behavior is highly influenced by traffic conditions.6

Safety Analysis7
A comprehensive safety analysis was performed for all three roundabouts via spatial distribution8
plots. Two dangerous areas were studied separately: the entrances and the inside of the roundabout.9
More specifically, risky situations due to queuing phenomena at the entrances of roundabouts were10
analyzed through the TTC indicator, while dangerous interactions within the roundabout were11
studied using the PET indicator.12

Figure 6 presents the spatial distribution of every TTC interaction below 2 seconds, high-13
lighting the most critical situations. The distribution in Figure 6a indicates that critical situations14
in roundabout F1 occur sporadically throughout the formed queues, with some locations exhibit-15
ing repeated interactions. Notably, the area just before the crosswalk on the southwest queue is16
particularly worrisome as any accidents here could potentially involve pedestrians. Furthermore,17
the phenomenon of queuing is clearly observed in the northwestern queue, where four equally18
scattered reddish points represent the rear-end of vehicles. Figure 6b depicts roundabout F2, it19
also presents queuing phenomena solely on the main road (northwest-southeast) axis and not as20
intense as observed on roundabout F1. The spatial allocation of TTC events in the figure suggests21
the appearance of queues involving up to three vehicles. The analysis of roundabout L1, illustrated22
in Figure 6c, reveals analogous behavior to the previous roundabouts. Overall, these observations23
underscore the critical interactions produced on queues produced from unsignalized intersections24
activity.25

Similarly, the spatial distribution for PET events under 4 seconds is introduced in Figure 7.26
The figures display the conflict type according to the literature: rear-end collisions for interactions27
with an angle less than 30º, lateral collisions for conflicting angles between 30º to 85º, and crossing28
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FIGURE 6 Spatial distribution of TTC events

of frontal for angles from 85º to 180º. In roundabout F1, Figure 7a reveals three PET clusters with1
two distinguishable types. The first type corresponds to the two clusters situated near the exit ways2
of the southwest and southeast legs, mainly involving lateral collision interactions due to vehicles3
deviating from the circular trajectory and exiting the roundabout. The second type is located in4
the northeast part of the roundabout, characterized by a more sparse cluster primarily composed5
of rear-end interactions. In roundabout F2, shown in Figure 7b, fewer PET events were recorded,6
mostly of the lateral collision type, resulting in less intense clustering compared to roundabout F1.7
Furthermore, much less potential rear-end collisions are observed in the absence of a long sparse8
cluster. Roundabout L1 exhibits a PET distribution similar to roundabout F1, with two dense9
clusters involving mainly lateral collision interactions and a long cluster primarily composed of10
rear-end collisions. This long cluster may be originated from the absence of a leg on that side of11
the roundabout, forcing the vehicles into to a car-following situation.12

TTC curvature13
The TTC dataset from roundabout F1 included 313 vehicle-to-vehicle interactions of which 26014
interactions could be successfully modeled with a second-order polynomial regression, 16 were15
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FIGURE 7 Spatial distribution of PET events

linear, meaning the interaction was interrupted by the front vehicle entering the roundabout, there-1
fore exiting the study area, and 37 interactions had more complex shapes that could not be accu-2
rately fitted with a parabolic shape. Figure 8 displays 15 vehicle-to-vehicle TTC interactions in3
a normalized time x-axis, where the aforementioned shapes can be observed. More concretely,4
Figure 8a contains the raw TTC interactions computed at 15 Hz, while Figure 8b displays the same5
interactions, by using the same color, after the modeling process. The comparison between the two6
sub-figures visually demonstrates the accuracy of the parabolic shape for some of the interactions,7
whereas the fitting process is not suitable for more complex interactions. For the subsequent anal-8
ysis, only the 260 instances with well-defined (R2 > 0.9) parabolic shape were retained. The study9
aimed to compare TTC events from a holistic perspective through the extraction and the study of10
mathematical properties of the modeled TTC functions. For that reason, the curvature of the func-11
tion at the vertex was obtained using Equation 4, providing a representative value of the intensity12
and exposure of the event. A high curvature indicates a sharp, brief event that originates and dis-13
sipates rapidly, whereas a low curvature value signifies a more prolonged and constant interaction.14
This differentiation in curvature helps to extract further information and categorize the nature of15
TTC events.16

Figure 9 presents vehicle-to-vehicle TTC interactions based on the three main properties17
considered in this study: duration (or T ET <= 4s), curvature, and minimum TTC. The figure18
allows for a comprehensive interpretation of TTC events encompassing the time of exposure, the19
shape of the interaction, and the severity. It can observed that long-duration interactions tend to20
have low curvature shape and a low minimum TTC. Moreover, the figure highlights that inter-21
actions lasting less than 2 seconds are more diverse in curvature but tend to be less risky, with22
minimum TTC values generally higher than 3 seconds.23

This analysis extracts new properties regarding TTC events and captures the development24
of the interaction by using the curvature of the modeled TTC function. Yet, the study is limited25
to those following a well-modeled parabolic shape. This type of shape can be associated with26
TTC events where the follower vehicle approximates the leader with notably higher speed, until27
it starts breaking to avoid a crash, therefore causing a minimum in the TTC computation between28
the two vehicles. From then, the follower vehicle accommodates its speed to eventually establish29
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FIGURE 8 Subset of 15 TTC interactions. Every color represent the interaction between two
consecutive vehicles.
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FIGURE 9 Properties relation of TTC events.

a safe distance and relative speed with the leader vehicle. On the other hand, more complex TTC1
interactions might be caused by heterogeneous traffic, congested conditions or distracted driving.2

Considering that studying the curvature aims to capture the TTC exposition over time, sim-3
ilarities with TIT indicator needed to be assessed. Consequently, the TIT values were calculated4
for the sample. Figure 10 shows the results of the computation, relating TIT to time and to curva-5
ture. The plot presents a strong correlation between TIT and duration, probably because the TIT6
value highly depends on the length of the TTC. On the other hand, as shown in Figure 9, curvature7
achieves to capture the shape of the TTC independently of time.8
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On the calculation of SSMs1
The RBBs of the identified vehicles were utilized for the safety analysis. This marked a break-2
through when compared to previous studies which utilized the center of the bounding box as a3
reference point for the vehicle position in similar scenarios. An impact study was performed to4
quantify the added value of RBBs, analyze the scale of improvement, and determine in which types5
of situations the difference could be significant.6
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FIGURE 11 Relation between SSMs value computed with the center of the bounding box
and with RBB information.

Figure 11 illustrates both SSMs used in this project, Time-To-Collision and Post-Encroachment7
Time, calculated using two different methods. On the x-axis, the SSM is calculated using the cen-8
ter of the bounding box of the vehicles, while on the y-axis, the value is computed between the9
midpoint of the rear bumper of the leading vehicle and the midpoint of the front bumper of the10
second vehicle. In the case of PET events, shown in Figure 11a, interactions involving at least11
one heavy vehicle were marked with a cross, while car-car interactions were represented by dots.12
As expected, PETs measured using the RBBs information are shorter given that the calculation13
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excludes in-vehicle length. This behavior is evident in the figure, where points are situated below1
the dashed line which indicates equal value. Furthermore, the figure reveals a strong correlation2
between the two methodologies where the difference between approaches is found to be propor-3
tional; using RBBs information generally reduces the calculated PET by 0.75s to 1s. However,4
there are some outliers, exceeding a 2 seconds difference, which can be attributed to two main fac-5
tors. Firstly, detailed measurements of the vehicle limits cause PET calculations involving heavy6
vehicles to show a greater reduction with the RBBs approach, providing more representative mea-7
surements. Secondly, the relationship between methodologies is highly influenced by the speed of8
the conflicted vehicle. According to the formula t = x/v where x is the distance between the front9
midpoint and center point of a vehicle, v is the speed and t is the time, it is evident that at lower10
speeds, the time difference is amplified. Therefore, the use of RBBs to calculate PET has consid-11
erable added value when there is a high share of heavy vehicles and when low-speed conditions12
are observed, such as during periods of high accumulation.13

Figure 11b plots TTC events calculated using the two aforementioned methodologies. Sim-14
ilarly to PET, the RBBs approach results in lower TTC values due to the reduction in measured15
distance between vehicles which is reflected in the figure with all points positioned below the16
dashed line. However, the correlation between the two approaches is weaker and more scattered.17
This scatter can be partially explained considering the relative speed between vehicles, a factor18
influencing the TTC value. The plot highlights that TTC events with high relative speed, above19
15 km/h, exhibit proportionality between calculation methods, hence the higher the relative speed,20
the stronger the relation between approaches. Nonetheless, this proportionality seems to disappear21
in TTC interactions with relative speeds lower than 10 km/h, where the TTC calculation is more22
sensitive to the distance value, which differs between methodologies.23

CONCLUSIONS24
This paper has investigated driving behavior at roundabouts using advanced methodologies for25
traffic analysis. Drones were utilized for data collection together with a complex computer vision26
pipeline allowing for a precise extraction of vehicle trajectories and rotated bounding box informa-27
tion. The roundabout fundamental diagram facilitated a broad interpretation of traffic conditions,28
identifying the operational regimes of the studied roundabouts. The study area not only included29
the circulating ring of the roundabout but also its entrances to capture queuing activity arising from30
the roundabout activity, therefore analyzing roundabouts as a comprehensive system.31

Gap-acceptance behavior was analyzed through the estimation of the critical gap. A novel32
methodology for gap detection at roundabouts was proposed, based on the notion that the merging33
driver requires free space in front to contemplate a gap. The critical gap value was estimated using34
the MLM for three roundabouts with different characteristics. The research exposed how drivers35
adapt their perception of gap acceptability based on traffic conditions, with a decrease in average36
accepted time gaps as vehicle accumulation increases, and a reduction of the critical gap value37
by more than 0.6 s between uncongested and capacity operational regimes. These findings may38
help explain why countries with permanent high traffic conditions tend to have lower critical gap39
estimates. Furthermore, roundabouts were examined from a traffic safety perspective, via spatial40
distributions of TTC and PET events, revealing conflicted areas. Vehicle-to-vehicle TTC events41
were modeled using a second-order polynomial regression, and their curvature at the vertex was42
analyzed as an extended TTC indicator. Although the modeling process could not satisfactorily fit43
all of the interactions, it successfully modeled more than 80% of them. An in-depth evaluation of44
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the contribution of RBBs to the SSMs calculation demonstrated the importance of precise frontal1
and rear vehicle information, particularly in heterogeneous traffic and low-speed conditions, pro-2
ducing more representative results.3

Further research should investigate the extensibility of the findings in gap-acceptance be-4
havior to significantly congested roundabout conditions. In addition, the inclusion of more vehicle5
types would allow for a comprehensive and multimodal analysis. This would require an improved6
gap detection methodology capturing with more precision the unpredictable and stochastic be-7
haviour usually observed in heterogeneous and congested conditions. Furthermore, future work8
should aim to study the relation between TTC curvature and accident occurrence, to determine its9
interpretation and usability.10
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