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models are designed to replicate homogeneous traffic with 
strong lane discipline, where the characteristics of vehicles 
and their behavior are nearly the same. Therefore, model-
ing heterogeneous traffic, especially under weak-lane dis-
cipline where there is a diversity in the road users and their 
behavior, dimensions, and operational characteristics, is 
considered a challenge to traffic engineers. Similarly, mod-
eling the traffic at roundabouts is considered a challenge 
because the vehicles’ movements differ from road segments 
due to the various movements at exits, entries, and circu-
lating segments. In other words, vehicles approaching the 
roundabout from different entries must yield and select their 
route to exit the roundabout from various exits through con-
tinuous merging and diverging, facing random interactions 
with other vehicles and road geometry. Therefore, traffic at 

1  Introduction

Traffic micro-simulation tools play a vital role in traffic 
engineering because they facilitate evaluating the current 
traffic situation, predicting outcomes of new control sys-
tems, and new infrastructure designs [1–4]. The available 
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Abstract
In recent decades, the simulation of vehicular traffic at roundabouts has received notable attention among traffic profes-
sionals. Developing reliable tools, specifically to model roundabout traffic, is vital given the growing interest in analyzing 
roundabout traffic operation and safety. These tools can play an important role in anticipating the effectiveness of any 
traffic design and control change at roundabouts. The social force-based model (SFM) has been widely used in simulating 
the movements of road users and their interactions at different traditional and shared space zones. Despite their strengths, 
SFMs have not been applied to simulate the movements and interactions of vehicles at traditional or even shared-space 
roundabouts. This study proposes an SFM for the movement of mixed vehicular traffic at traditional roundabouts. The 
calibration and validation of the model were undertaken using open trajectory datasets from a roundabout in Germany. 
The local transferability of the model was tested using datasets from other locations in Germany. The results showed 
that the calibrated model could replicate different traffic movements at the roundabout. Moreover, the calibrated model 
showed good performance in terms of the root mean square error (RMSE) of predicted vehicle trajectories and speeds, 
final destination error (FDE), and average distance error (ADE) when applied at other locations in Germany. The RMSE 
of trajectory and speed, ADE, and FDE from using the validation dataset were 0.35 m, 0.19 m/sec, 0.26 m, and 0.57 m, 
respectively. The external transferability of the model to another environment in a different country was further explored 
where the model parameters were re-calibrated using trajectory data from a roundabout in the USA. From the comparison 
between the calibrated values of each parameter, it was concluded that five of the eleven common calibrated parameters 
are transferable, while the other parameters should be re-calibrated to improve the performance of the model at different 
locations. Finally, it was concluded that the proposed model can depict the movement of different vehicles at the round-
about after proper calibration for the non-transferable parameters.
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roundabouts is complex, and commercial micro-simulation 
tools may struggle to capture it.

Traditional roundabouts differ from shared spaces in 
terms of the design, traffic composition, and control. Tradi-
tional roundabouts are characterized by defined, clear right-
of-way, traffic control systems to manage the movement of 
vehicles, and the presence of crosswalks for pedestrians. 
Sometimes, traffic engineers add separate lanes for bicycles 
or other vulnerable road users. In contrast, in shared spaces, 
non-motorized vehicles such as bicycles and e-bikes share 
the same road space with pedestrians or motorized vehicles, 
and the movements and interactions of the road users are 
based on informal social and priority negotiation [5, 6]. 
This encourages vehicles to reduce their speed and increase 
awareness, which in turn improves traffic safety. Moreover, 
the design of the shared spaces includes the removal of traf-
fic signals, lane markings, barriers, and curbs [6].

Physical-based models, such as the social force model 
(SFM), have been widely adopted to model traffic with 
interactions between various road users and their move-
ments in different contexts [7–12]. It could be considered 
that SFM can manage the movement of vehicles and their 
interactions with each other and the road geometry at com-
plex systems like roundabouts [13]. Despite its strength, the 
concept of SFM has not been applied to model vehicular 
traffic at roundabouts, where motorized vehicles domi-
nate, compared to other two- and three-wheeler vehicles. 
As such, this study aims to develop a microscopic SFM to 
simulate vehicles’ movement and interactions at multi-lane 
roundabouts. The study also addressed the calibration of 
the SFM parameters to replicate the local behavior at the 
studied roundabouts. The validation of the calibrated model 
was conducted using a trajectory dataset from Germany. 
The potential transferability of the calibrated model to other 
similar locations in Germany, as well as to a roundabout in 
the USA, as an example of another driving environment, 
is investigated. The similarity between the simulated and 
the real-life trajectories was assessed, and the transferable 
parameters were specified.

2  Literature Review

Roundabouts are considered an efficient and safe alternative 
compared to stop-sign control and signalized intersections 
[14–16]. Therefore, it is essential to find a model that could 
successfully simulate the traffic at roundabouts to analyze 
their operations and safety. The following subsections men-
tion the previous studies that modeled different roundabouts 
using various techniques, in addition to the application of 
social-force-based theory in simulating the dynamics of 
road users at different zones.

2.1  Modeling Traffic at Roundabouts

Various models have been utilized to model vehicle dynam-
ics at traditional and shared-space roundabouts such as 
commercial microsimulation tools, cellular automata (CA), 
and social force models (SFM). Commercial traffic micro-
simulation tools are based on integrated car-following and 
lane-changing models but depend on extensive calibration 
of the model parameters. These models have been used 
extensively to model traffic at roundabouts. For example, Li 
et al. [17] proposed procedures for modeling and calibrating 
roundabouts in VISSIM. However, they validated the rec-
ommendations using data from one roundabout and did not 
discuss their transferability to other study sites. Giuffrè et al. 
[18] used VISSIM and SSAM to compare the efficiency and 
the safety performance of standard roundabouts and new 
layouts. Moreover, car-following models were calibrated 
and applied to model car-following behavior at round-
abouts and intersections [19]. The models’ parameters were 
calibrated using real-life data without validation, and the 
lateral movements of vehicles and their interactions were 
not considered. Finally, modeling roundabouts in VISSIM 
requires defining the reduced speed areas and analyzing the 
performance of the two right-of-way options, priority rule 
or conflict area, before simulation to find which one reflects 
the observed traffic behavior [17]. Also, numerous param-
eters of the driving behavior models should be calibrated to 
mimic the local conditions.

Many studies have been carried out to compare micro-
simulation tools for modeling roundabouts. For example, 
SUMO was compared to VISSIM and TRANSIMS in 
simulating roundabouts, and SUMO showed unrealistic 
results [20]. Multiple roundabouts in the U.S. were modeled 
using RODEL and SIDRA. No single model was shown 
to be the best in terms of all the evaluation measures used 
[21]. Nikolic et al. [22] simulated single-lane and multi-
lane roundabouts using AIMSUN, PARAMICS, VISSIM, 
SIDRA, NCHRP, RODEL, and ARCADY and found that 
AIMSUN and VISSIM provided the best results compared 
to other models. From the comparative studies, there was no 
single microsimulation tool that could accurately describe 
the movements and interactions at roundabouts.

On the other hand, Cellular Automata (CA) is a rule-
based model which divides the road space into discrete 
cells of a specific width, and each cell is either empty or 
occupied by a vehicle. The vehicles change in their posi-
tions through defined transition rules, i.e., acceleration or 
deceleration [23]. Studies have applied the CA models to 
represent the traffic at single-lane roundabouts [24–27]. 
Other studies have considered the traffic at normal and large 
multi-lane roundabouts using the CA model [28–33]. The 
complex interactions between vehicles at large multi-lane 
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roundabouts were also captured using CA [34, 35]. The pre-
vious studies have shown that different CA models could 
successfully model traffic at different roundabouts based on 
clearly defined transition rules. However, it is not easy to 
set clear rules in the presence of various vehicle types with 
continuous interactions due to the discrete nature of the CA 
[36]. Moreover, the accuracy of the CA model depends on 
the size of the cells; the accuracy increases with further spa-
tial division into smaller cells, but it is not feasible to divide 
the road environment into infinitely small cells.

2.2  Micro-simulation Using SFM

The SFM is a spatially continuous model that was first 
introduced to simulate pedestrian motion by Helbing in 
1995 [37]. Road users continuously update the magnitude 
and direction of their speed and direction at any time based 
on the resultant social forces acting on them, while aim-
ing to reach their destinations and avoiding collisions with 
other users and obstacles. Unlike traditional car-following 
and lane-changing models, SFMs can imitate the lateral 
interactions between different modes under mixed traffic. 
Therefore, the notion that road users exert social forces 
on each other while interacting has been adopted to mimic 
the behavior of different road users and their interactions 
in different road zones under mixed traffic. It was mainly 
introduced by Helbing to model pedestrian movements; 
however, Fellendorf et al. [38] have initiated the application 
of SFM to describe the dynamics of cars in a two-dimen-
sional environment with no lanes defined. After that, SFM 
has been applied to model the interactions between cars and 
pedestrians in shared spaces (Anvari et al., 2016). More-
over, SFMs were extended to capture the movements of 
other motorized and non-motorized vehicles. For example, 
models were developed to describe the interactions between 
pedestrians and personal mobility vehicles (PMVs) on a 
shared sidewalk [8]. It has been used to model the move-
ment of bicycles [11, 12], and their interactions with pedes-
trians and cars in shared spaces [39–42]. As well, the SFM 
was used to simulate the behavior of motorcyclists under 
mixed traffic [40, 41], and the behavior of electric bikes in 
mixed traffic along a segment in China [43].

In recent studies, Johora and Müller [7, 44, 45] proposed 
a multi-agent-based simulation model that could represent 
multiple interactions between pedestrians and cars in shared 
space zones such as streets, unsignalized intersections, and 
roundabouts. They calibrated and validated the model using 
real-life data from shared spaces in Germany and Austria, 
in addition to addressing its transferability using data from 
China. They concluded that the model could be applied 
to various shared spaces in any context after some modi-
fications [46]. It is noteworthy that the used dataset was 

collected from a roundabout on a university campus which 
included trajectories of many pedestrians and fewer vehi-
cles. Moreover, the study focused on many car-to-multiple-
pedestrians crossing scenarios. Moreover, the SFM was 
used to imitate the behavior of vehicles and their interac-
tions at urban signalized intersections in China with diverse 
types of work zones, e.g., an island work zone [47] and 
straddling work zones [48]. These studies included driving 
force, repulsive force with other vehicles and boundaries, 
passable gap force, and following force, and validated the 
model’s efficiency in capturing traffic under heterogeneous 
traffic using real data.

In summary, several studies have been undertaken to 
model traffic at roundabouts using different techniques. Nev-
ertheless, it is evident that the SFM has never been applied 
to simulate vehicular traffic at roundabouts with only one 
exception where it was used to model the crossing behav-
ior of pedestrians and their interactions with cars at shared-
space roundabouts [46]. Furthermore, only a few studies 
have examined the suitability of SFM in modeling differ-
ent vehicular road users in traditional road facilities, while 
none of them have analyzed traditional roundabouts. Traf-
fic movements at roundabouts are continuous, which makes 
them suitable to be modeled using continuous models such 
as SFM rather than discrete rule-based models such as CA 
models. Moreover, it has proved efficient in capturing the 
behavior of various vehicular road users and their interac-
tions under different shared spaces, in addition to the inter-
actions between cars and pedestrians’ crossings at traditional 
intersections. As such, this study aims to develop a SFM to 
simulate vehicular traffic movements at roundabouts. Addi-
tionally, the study aims to calibrate the proposed model and 
examine its transferability to other locations.

3  Simulation Modeling Framework

Figure 1 shows the framework of the developed simula-
tion model based on the SFM. As a first step, data on the 
geometry of the roundabout and the positions, velocities, 
and destinations of all vehicles are defined. In the next 
step, a free-flow path is specified for each vehicle. At each 
time step (t), obstacles and other vehicles within the field 
of view (FoV) of the agent (i) and its next destination are 
determined. Finally, the social forces acting on the subject 
vehicle (i) at time (t) are computed to determine its new 
position and velocity at the next time step (t + 1). At the end 
of each time step, the model checks whether the subject 
vehicle has reached their final destination. If the destina-
tion has not been reached yet, the model will consider its 
new state in the next time step. The following sub-sections 
explain the model in greater detail.
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Fig. 1  The framework of the developed SFM at roundabouts
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vehicles. These five forces describe the movements and 
interactions of vehicular road users at a roundabout as 
discussed below.

3.2.1  Driving Force
⇀

F d 

This force allows the vehicle (i) to adopt a desired speed at 
each time step within a relaxation time until it reaches its 
final destination. The value of the force depends on the dif-
ference between the actual speed and the maximum allow-
able speed, as shown in Eq. (1).

⇀

F d = vd ∗ ⇀
e (t) −

⇀

vi
t

tr

� (1)

where vd is the desired speed which is obtained from the 

real-life data for each vehicle type, 
⇀

vi
tis the current veloc-

ity of the object (i) at time (t), tr is the relaxation time and 
has different values based on the vehicle class, and ⇀e (t) is 
the unit vector pointing from the subject vehicle along the 
shortest path to its destination at time (t).

3.2.2  Repulsive Force with other vehicles 
⇀

F vij  

A vehicle tends to keep safe distances from nearby vehicles 
within its field of view (FOV). As such, a repulsive force is 
acted on vehicle (i) by other agents (j) to avoid collision. 
The value of this repulsive force increases exponentially 
when the distance between vehicles increases, as expressed 
below.

⇀

F vij =
(

Ar ∗ e

( rij −dij
Br

)
∗ ⇀

n ij

)
∗ FoV ij � (2)

3.1  Free-Flow Trajectory Planning

To guide the vehicle during the simulation, it is not suffi-
cient to take the final destination as the target position [38]. 
Therefore, intermediate destinations are set on a predefined 
path between the origin and the destination for each agent. 
These paths are determined before the beginning of the 
simulation, considering only the static obstacles. Generally, 
different path planning algorithms were used in the litera-
ture, such as the flood fill algorithm [49, 50], A* [7, 44], 
and the Dijkstra algorithm [41]. In this study, the Hybrid A* 
algorithm was selected for the path-planning process [51, 
52] using the navigation toolbox in MATLAB. The Hybrid 
A* algorithm considers vehicle dynamics and kinematics, 
and it overcomes the limitations of the traditional A* algo-
rithm, where only the cells’ centers can be visited [53, 54]. 
As shown in Fig. 2, the A* algorithm only visits states that 
correspond to the cell centers, while the Hybrid A* algo-
rithm associates a continuous state with each cell. Hybrid 
A* produces a drivable path that is safe, smooth, and satis-
fies the turning radius of the vehicle. The main inputs for 
the path planning step for each vehicle movement are a grid 
map, the initial state, and the goal state of the vehicle. For 
each studied roundabout, a path was planned for each move-
ment in the roundabout. Figure 3 shows an example of the 
planned path by the algorithm for one movement generated 
from MATLAB.

3.2  The Social Force Model for the Traffic Flow of 
Vehicles

The proposed model adopted five social forces, includ-
ing the classical SFM forces and other forces for describ-
ing the following and lane discipline behavior of various 

Fig. 2  A comparison between the 
path planning algorithms (A* and 
Hybrid A*) [51]
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than the one behind. q is a factor for the vehicle-vehicle 
interaction function as follows [55]:

k =
{

1, if 150 ≤ ∝ ij ≤ 210 and − 30 ≤ ∝ ij ≤ 30
0 , otherwise

Rather than representing the pedestrian as a circle in the 
social force model [56], in this study, a vehicle is repre-
sented by an ellipse with radius [ri (∝ ij)] [55], as illus-
trated in Fig. 4. This radius depends on the angle (∝ ij) 
between the directions of (i) and (j) at time (t) and the vehi-
cle class because it is a function of the vehicle’s dimensions, 
as shown in Eq. (4).

ri (∝ ij) = w√
1 − ϵ2 ∗ cos2 (∝ ij) � (4)

where Ar is the interaction strength for the force (m2
/sec2), 

Br is the acting range of the force of the vehicle j (m), dij  
is the distance between the centers of the two vehicles, rij  is 
the sum of their radii and is computed using Eq. (4), ⇀n ij  is 
the normalized vector from (j) to (i), and FOV ij  is a factor 
representing the visible range (i) and is calculated using the 
following equation:

FOV ij =
(

λ i + (1 − λ i) ∗ 1 + cos (∝ ij)
2

)
∗ k� (3)

where ∝ ij  is the angle between the movement direction 
of road user (i) and the direction of vehicle (j) and λ  is an 
anisotropic factor (0 ≤ λ ≤1) which represents the strength 
of the force on the different nearby vehicles; this implies 
that the following vehicle affects the followed vehicle more 

Fig. 3  An example of the planned path using a Hybrid A* algorithm
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where Al donates the strength for the force (m2
/sec2), 

Bilis the acting range of the force from the lane line (m), 
dil is the distance between the vehicle (i) and the lane line, 
and ⇀

n il is a vector from the lane line to the center of the 
vehicle (i).

3.2.5  Following force 
⇀

F f  

It represents the following behavior of the driver to avoid 
collision with the leading vehicle as long as the distance 
between the two vehicles is less than a spatial distance 
( dmin), and both have nearly equal directions [7, 55]. 
Gipp’s car-following model was incorporated with SFM to 
handle the longitudinal interactions in case of following a 
leader vehicle (j). According to Eq. (7), it allows vehicle (i) 
to adopt a safe velocity ( vs) to follow the leading vehicle 
to keep a safe following distance through accelerating or 
decelerating or keeping its current speed based on the dif-
ference between its velocity at time (t) and the safe velocity.

⇀

F f = k ∗
(

(vs − vi (t))
tr

∗ ⇀
n ij

)
� (7)

where ⇀n ij  is the unit vector directed from (i) to the preced-
ing vehicle (j), vs(t) is the safe velocity which the follow-
ing vehicle should not exceed while following the leading 
vehicle at time (t), and is computed by Gipps’ safety car-
following model [57, 58], as shown in Eq. (8):

vs =

√
a2

i ∗ tr
2 + ai(

2 ∗ gij (t) − tr ∗ vi (t) + v2
j (t)

aj
) − ai ∗ tr� (8)

where ∈ =
√

l2−w2

l , 2w and 2 L are the width and length of 
the vehicle (i), respectively, which vary depending on the 
vehicle class.

3.2.3  Repulsive Force from obstacles 
⇀

F bio 

This force is exerted by the road boundary or any obstacle 
on the subject road user (i) to avoid colliding with the road 
boundary. This force makes the road user maintain a safe 
distance from any fixed obstacle. Similar to the repulsive 
force from other vehicles, this force depends on the distance 
between the agent (i) and the boundary and is formulated 
as follows:

⇀

F bio = Aioe

(
w−dio

Bio

)
∗ ⇀

n io
� (5)

where Aio is the interaction strength for the force (m2
/sec2), 

Bio is the acting range of the force of the obstacle (m), w 
is half the width of the vehicle, and it depends on the vehi-
cle class, dio is the perpendicular distance between (i) and 
the boundary, and nio is the unit vector directed from the 
obstacle (o) to the (i).

3.2.4  Lane-keeping Force 
⇀

F lil

It reflects the behavior of the lane discipline by exerting a 
force on the vehicle from the lane lines to keep it within the 
lane. It is calculated as shown in Eq. (6).

⇀

F lil = Ale

(
w−dil

Bil

)
*⇀

n il

� (6)

Fig. 4  Geometric modeling of the 
vehicle as an ellipse 
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Germany [59]. The trajectories were extracted from more 
than six hours of drone recordings at three different round-
abouts in and around Aachen in the western part of Ger-
many, as shown in Fig. 5. A description of each location is 
given below [60]:

	● Location 1 connects a highway with Aachen, all the en-
tries are two lanes, and the exits are one lane [Fig. 5 (a)]. 
Most of the recordings were for this site because it has 
the highest traffic volume.

	● Location 2 is located in an urban area in Aachen and 
connects a ring road with smaller roads leading to the 
city [Fig. 5 (b)]. All the entries and exits are single-lane.

	● Location 3 is a less frequented roundabout located in the 
suburb of Aachen with a single lane at each entry and 
exit [Fig. 5 (c)].

The data collected included trajectories from three loca-
tions of a total of 13,476 vehicles of various types, includ-
ing cars, buses, trailers, trucks, vans, and vulnerable road 
users (VRU) (motorcycles and bicycles). The data included 
x-y positions, x-y velocities and accelerations, vehicles’ 
length and width, frame numbers, and vehicle class of each 
tracked object at 25 frames per second (fps). These data 
were used for model calibration, validation, and trans-
ferability. Data from Location 1 (ID1) were used for the 
calibration and validation of the model. The calibration 
dataset included trajectories of almost 18 min, while the 
validation data included two other subsets from the same 
location of nearly 18 and 17 min, respectively. The per-
formance of the validated model was further tested using 
trajectory data from the other two locations to check the 
transferability of the model parameters to other locations 
in the same country (i.e., local transferability). Although 
all the roundabouts are located in Aachen, they have dif-
ferent numbers of lanes, different traffic volume patterns, 
and are located in different areas of the city. For instance, 
Location 2 (ID2) has through, left-turn, and right-turn at 
all approaches similar to the intersection used for cali-
bration (ID1), while there were no right turns at the third 
roundabout (ID3). For instance, the real trajectories of a 
car and a bicycle (as an example of a VRU) are represented 
in Fig. 6 to show their movements and interaction at the 
roundabout. Both were driving across the roundabout at 
the same time.

The second dataset was a trajectory-based dataset from 
the USA. The dataset is known as the “UCF SST CitySim 
DataSets” collected at a multi-lane roundabout in Florida, 
USA [61, 62], as shown in Fig. 7. The roundabout connects 
a four-lane divided road with a two-lane two-way road. The 
trajectories were extracted from five drone video record-
ings captured at 30 fps for two hours. The data included 

where ai and aj  are the maximum deceleration rates of 
the following and leading vehicles, respectively, tr is the 
relaxation time, gij (t) is the gap between (i) and (j) at time 
(t), and vj (t) is the velocity of (j) at time (t). k-term is 
added to decide whether the following force is applied or 
not, depending on the distance between the two vehicles 
( dij), as follows:

k =
{

1, if dij < dmin
0 , otherwise

3.2.6  Resultant forces and the determination of the new 
vehicle’s state

At each time step (t), the resultant of the social forces acting 
on a subject vehicle (i) is computed and used to determine 
the new velocity and position at time (t + 1) as follows:

⇀
v l (t + 1) = ⇀

v i (t) +
⇀

F (t) ∗ △t� (9)

⇀
xl (t + 1) = ⇀

x i (t) + 1
2

∗
⇀

F (t) ∗ △t2 + ⇀
v i (t) ∗ △t� (10)

where 
⇀

F (t) is the resultant of the social forces acting on 
the vehicle (i) at time (t), ∆ t is the time step, ⇀

v i(t + 1) 
and ⇀x i(t + 1) is the state of the vehicle (i) at the next time 
(t + 1).

4  Model Implementation

The proposed model was implemented in MATLAB with 
a finite simulation time step to assess the performance of 
different model scenarios in replicating the movements at 
roundabouts. The geometric design and the traffic data for 
different roundabouts were defined as model inputs. The 
traffic physical characteristics and speeds of each vehicle 
type were added to the model without any conversion to a 
passenger car unit (PCU). The output of the model includes 
the speeds and positions of each vehicle at each time step 
during the whole simulation period. The data used for the 
study and the applied calibration methodology are described 
below.

4.1  Data Description

Two different trajectory datasets from roundabouts in two 
different countries were used to examine the model’s per-
formance. The first dataset was the RounD dataset which 
includes trajectories of different road users recorded in 
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the state of the vehicle. However, this study investigated the 
performance of different combinations of forces, as well as 
considering all the forces together. For instance, in the case 
of a Following Force exerted from vehicle (j) on the subject 
vehicle (i), it is added to the classical forces (i.e., Driving 
Force and Repulsive Force from vehicles and boundaries) 
when computing the vehicle’s new state in the previous 
studies. The Following Force enforces the vehicle to main-
tain a safe velocity to follow the leading vehicle. This raises 
two questions: (1) Does the Safe Velocity force keep the fol-
lowing vehicle at a safe distance from the leading vehicle, 
and, in this case, can the Repulsive Force from the leading 
vehicle be ignored? (2) Will the following vehicle change its 
speed to achieve the safe speed? Additionally, can the Driv-
ing Force, which makes the vehicle adopt a desired speed to 
reach its destination, be ignored?

trajectories, velocities, and frame IDs for each vehicle at 
each time step.

Unlike the roundabouts in Germany, the traffic at the 
USA location included only passenger cars. The external 
transferability of the model was examined using trajectories 
of a 20-minute video from this dataset. This case represents 
a roundabout from another country with different geometry 
and traffic flow characteristics. Table 1 summarizes the attri-
butes of each dataset used in the study.

4.2  Model Selection

As explained in Eqs. (9) and (10), the state of the vehicle 
at time step (t + 1) depends on the state at time step (t) and 
the resultant of the social forces acting on the vehicle. Tra-
ditionally, all five discussed forces are added to compute 

Fig. 5  Layout of the three roundabouts from Germany [59]. Neuweiler, Aachen (ID1).(b) Kackertstraße, Aachen (ID2). (c) Thiergarten, Alsdorf 
(ID3) 
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other Surrounding Vehicles (
⇀

F vs) to test the feasibility of 
ignoring the (

⇀

F vl in case of exerting a following force. In 
some scenarios (Sc6, SC7, SC8, and SC11), some forces 
will not be considered in case of the following behavior; 
otherwise, their effects will be considered.

The performance of each scenario was evaluated using 
the calibration data from roundabout ID1 in Germany in 
terms of the root mean squared error (RMSE) between the 
simulated and the real trajectories. The RMSE has been 
used in several studies to evaluate errors in trajectory pre-
diction [12, 46, 63], and it was calculated considering the 
displacement between the real positions and the predicted 
positions from the simulation model, as formulated in Eq. 
(11). The positions at each time step (t + 1) were computed 
based on the predicted positions at time (t). However, in 
this study, the error is computed between the real position 
and the predicted one at time (t + 1), which is calculated 
using the real position of the vehicle at time (t) and the 
resultant of the forces acting on the vehicle at time (t) to 
avoid the accumulation of the error. In other words, the 
term (⇀

x i(t)) in Eq. (11) is the real vehicle position at time 
(t). The RMSE is calculated for each user and then aver-
aged over all vehicles.

RMSE =

√ ∑ T
i (xs

i ( t) − xr
i (t ))2 + (ys

i ( t) − yr
i (t ))2

T
� (11)

The performance of different scenarios, including one 
or more forces, was analyzed to select the best resultant 
of forces in replicating the vehicle movement, as listed in 
Table 2. In the table, the Repulsive Force from other vehi-
cles was divided into two components: the Repulsive Force 

from the Leading Vehicle (
⇀

F vl and Repulsive Force from 

Fig. 7  Layout of the studied roundabout in Florida

 

Fig. 6  Examples of bicycle and 
car trajectories
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of parameters is evaluated at each iteration using the fitness 
function, which is the Root Mean Square Error (RMSE) of 
vehicle trajectories in this study, as formulated in Eq. (11).

4.4  Transferability of Model Parameters

After validating the calibrated model, the transferability 
of the model was evaluated using data from different envi-
ronments. Generally, there are two techniques for param-
eters’ transferability: the application-based method and the 
estimation-based method [72–74]. In the application-based 
method, the parameters calibrated using data from one loca-
tion are applied to the data from the second location without 
any change to evaluate the performance of the calibrated 
model at the other location. This technique is considered 
easier and more direct. Nevertheless, it examines the trans-
ferability of the model as a whole without examining which 
specific parameters are transferable [74]. On the other hand, 
in the estimation-based method, the model parameters are 
calibrated using data from one location and then re-cali-
brated using the data from the second location. The transfer-
ability is conducted by investigating whether the values of 
the calibrated parameters differ from one location to another. 

where (xr
i ( t), yr

i (t )) is the real position of vehicle (i) at 
time (t), ( xs

i (t) , ys
i (t)) is its predicted position at time (t), 

and T is the number of time steps.

4.3  Model Calibration

The calibration process is considered an essential step when 
using any simulation tool with various parameters to ensure 
the model’s accuracy. Generally, the model comprises 18 
parameters. Some parameters of the same force have dif-
ferent values depending on the vehicle class, such as the 
relaxation time, the strength, and the acting scope of the 
repulsive force from other vehicles; not all vehicles were 
treated as passenger cars. Commonly, SFMs have been cali-
brated using the maximum likelihood method (MLE) [12, 
43, 59, 64–66] and genetic algorithm (GA) [46, 67–71]. 
In this study, the GA technique was adapted to search for 
the optimum values for the model parameters using the 
Genetic Algorithm toolbox embedded in MATLAB. GA is a 
search technique to find the best estimates of the optimiza-
tion problem, which requires a fitness function to evaluate 
each solution. It starts using an initial population set and 
creates a new population at each new generation. Each set 

Table 1  Summary of the dataset used in the study
Location Video duration (min) # of vehicles # of VRU Fps Average speed (kph) Stage of application
ID 1 (Neuweiler) 17.88 721 11 25 29 Calibration

18.36 666 12 25 25 Validation
16.68 610 9 25 30 Validation

ID 2 (Kackertstraße) 17.44 324 16 25 29 Local Transferability
ID 3 (Thiergarten) 17.65 260 4 25 27 Local Transferability
UCF 20.00 462 -- 30 38 External Transferability

Table 2  Different simulation model scenarios
Scenario No. ⇀

F d

⇀

F b

⇀

F vs

⇀

F vl

⇀

F l

⇀

F f

SC1 ✔ ✔ ✔ ✔ ✔ ✔
SC2 ✔ - - - - -
SC3 ✔ ✔ - - - -
SC4 ✔ ✔ ✔ ✔ - -
SC5 ✔ ✔ ✔ ✔ ✔ -
SC6 With no following behavior ✔ ✔ ✔ ✔ ✔ -

With the following behavior ✔ ✔ ✔ - ✔ ✔
SC7 With no following behavior ✔ ✔ ✔ ✔ ✔ -

With the following behavior - ✔ ✔ - ✔ ✔
SC8 With no following behavior ✔ ✔ ✔ ✔ ✔ -

With the following behavior - ✔ ✔ ✔ ✔ ✔
SC9 ✔ - - - - ✔
SC10 ✔ ✔ - - ✔ -
SC11 With no following behavior ✔ ✔ ✔ ✔ ✔ -

With the following behavior - - - - - ✔
SC12 ✔ - ✔ ✔ - ✔

1 3



International Journal of Intelligent Transportation Systems Research

ADE =
∑

T
i=1

√
(xs

i ( t) − xr
i (t ))2 + (ys

i ( t) − yr
i (t ))2

T
� (14)

where (( xs
i (t), ys

i (t)) and ( xr
i (t), yr

i (t)) are the sim-
ulated and real positions of (i) at time (t), respectively, 
and T is the number of time steps.

Furthermore, to test the reliability of the trajectory RMSE, 
the bootstrapping 95% confidence interval (CI) for RMSE 
was computed. Boxplots were generated to visualize the 
error in the simulated trajectories for each vehicle type.

5  Results and Discussion

5.1  Scenario Evaluation and Model Selection

The different force combination models were applied to 
the calibration dataset and one validation dataset. More-
over, the percentage change in the mean difference in 
RMSE for all trajectories was calculated for each sce-
nario, considering SC1 as the baseline scenario, where all 
the forces are included. A two-sample t-test was applied 
to compare the performance of each model with the base-
line, with a null hypothesis that the average difference 
in RMSE between the two scenarios is zero. The com-
parison results, as well as the p-values and the 95% con-
fidence intervals, are listed in Table 3. The table shows 
that ignoring the Following Force (SC 4 &5) reduced the 
error compared to SC1. However, adding the Following 
Force while ignoring the Driving Force showed the high-
est decrease in error (SC8). On the other hand, ignoring 
the Repulsive Force from the leading vehicle in the case 
of the Following Force (SC 6 &7) increased the RMSE 
in comparison to SC1, especially in the presence of the 
Driving Force. Therefore, SC8 was noted as the best sce-
nario. It is noteworthy that the percentages of change 
in the RMSE are small because the traffic volumes at 
the roundabouts are low, and there are few interactions 
between the vehicles.

Finally, the results showed that the effects of the Fol-
lowing Force and the Driving Force on a vehicle (i) at the 
same time weakened the performance of the model. There-
fore, the best model for cases with no following behavior 
should include the Driving Force, Repulsive Forces from 
other Vehicles and Boundaries, and Lane-Keeping Force, 
as shown in Fig. 8. Once the following behavior exists, the 
SFM should incorporate the Following Force instead of the 
Driving Force as in Fig. 8. This model was calibrated and 
validated in addition to testing its transferability to other 
datasets from various environments.

Therefore, this technique was deemed more comprehensive 
as it allows the examination of the transferability of each 
parameter in the model [74].

Both techniques were applied in this study to assess the 
transferability of the model parameters to other environ-
ments. The application-based model is applied to check the 
performance of the calibrated model using data from differ-
ent environments. If the model does not replicate the driving 
behavior of vehicles, the estimation-based method would be 
applied, and the model parameters would be recalibrated 
using the new dataset. The purpose of the re-calibration pro-
cess in this case was to define which specific parameters are 
transferable. The re-calibration was conducted using the GA 
algorithm model with the same algorithm options applied in 
the first calibration process.

4.5  Model Evaluation Metrics

To evaluate the performance of the model using different 
datasets in the calibration, validation, and transferability 
process, four performance indicators were used:

	● RMSE for the trajectories is computed using Eq. (11) 
and averaged over all vehicles.

	● RMSE for the speeds is computed using the following 
equation:

RMSEv =

√ ∑ T
i (vs

i ( t) − vr
i (t ))2

T
� (12)

where vs
i (t) and vr

i (t) are the simulated and real 
speeds of the vehicle (i) at time (t), respectively, and T 
is the total number of time steps.

	● Final Destination Error (FDE) is calculated using Eq. 
(13) and averaged over all trajectories.

FDE =

∑
N
i=1

√(
xf

i s−xf
i r

)2
+

(
yf

i s−yf
i r

)2

N

� (13)

where N is the number of trajectories, ( xf
i s, y

f
i s) and 

( xf
i s, y

f
i s) are the simulated and the real final destina-

tions of vehicle (i), respectively.

	● Average Distance Error (ADE) is the average distance 
between the simulated and calibrated position of the 
vehicle at time step (t) along the whole vehicle trajec-
tory, as shown in Eq. (14), and then averaged over the 
vehicles.
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5.3  Model Transferability Evaluation

1.	 Local Transferability. 

1	 The local transferability of the validated model was eval-
uated by using datasets from other locations in Germany, 
and the evaluation results are summarized in Table 5. 
Additionally, the visual comparison of the simulated and 
real trajectories indicated strong matching, as represented 
in Fig. 12. Figure 13 illustrates the error in the simulated 
trajectories for each vehicle type using the transferability 
dataset. Hence, it can be concluded that the model shows 
good performance in describing the motion of the vehi-
cles at other locations, even if they have different char-
acteristics and are located in different areas. As such, the 
model is deemed transferable to other locations within 
the same country, and there was no need to conduct the 
estimation-based transferability approach.

5.2  Model Calibration and Validation Results

The optimum values of the previously selected model 
parameters were calibrated using one dataset from the Neu-
weiler location in Germany, and the results are listed in 
Table 6. Figure 9 visualizes examples of simulated and real 
trajectories of different vehicle types, and Fig. 11 (a) shows 
the errors in the simulated trajectories. Moreover, the evalu-
ation of the calibrated model in terms of the applied evalua-
tion metrics is reported in Table 4.

The validation of the model was performed using two 
other datasets from the same roundabout, and the evaluation 
metrics are listed in Table 4. Again, the model was validated 
by a visual comparison of the simulated and real trajecto-
ries, as illustrated in Fig. 10, and Fig. 11 [(b), (c)] shows 
the errors in the simulated trajectories for each validation 
dataset. Hence, the model validation results showed a good 
performance of the calibrated model, where the simulated 
trajectories well-matched the real ones.

Table 3  Percentage of change in the RMSE for different force combination scenarios
Scenario No. % Change P-value

Calibration data
95% CI
(Calibration data)Calibration data Validation dataset 

(ID2)
SC1 - - - -
SC2 3.610 1.605 0.00 [−0.659, −0.361]
SC3 3.610 1.135 0.02 [−0695, −0.394]
SC4 −0.045 0.043 0.278 [0.002,0.013]
SC5 −0.073 −0.056 0.198 [−0.006,0.028]
SC6 With no following behavior 0.018 0.006 0.119 [−0.006,0.001]

With the following behavior
SC7 With no following behavior 0.106 0.015 0.07 [−2.543,0.001]

With the following behavior
SC8 With no following behavior −0.110 −0.098 0.05 [0.00, 0.242]

With the following behavior
SC9 3.625 0.759 0.00 [−0.697, −0.396]
SC10 3.62 0.180 0.00 [−0.695, −0.394]
SC11 With no following behavior −0.02 0.002 0.29 [0.005,0.210]

With the following behavior
SC12 3.634 1.323 0.00 [−0.697, −0.396]

Fig. 8  The resultant force exerted 
on the subject vehicle at time (t)
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Table 4  Model evaluation using calibration and validation datasets
Applied dataset RMSE(mean ± STD) RMSE 95% CI RMSEv(mean ± STD) ADE (m) F DE (m)
Calibration ID1

Dataset (1)
0.49 m ± 24 cm [0.472, 0.508] 0.13 m/s± 0.1 m/s 0.30 0.78

Validation ID1
Dataset (2)

0.35 m ± 34 cm [0.329, 0.378] 0.19 m/s± 0.08 m/s 0.26 0.57

ID1
Dataset (3)

0.55 m ± 30 cm [0.528, 0.586] 0.16 m/s± 0.06 m/s 0.39 0.94

Fig.10  A comparison between the simulated and real trajectories using the validation datasets. (a) ID 1, Dataset (2) - a car. (b) ID1, Dataset (3) - a 
motorcycle

 

Fig. 9  Examples of real and predicted trajectories using the dataset (1) at Location ID 1. (a) a car. (b) a truck
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roundabout in Florida, USA (referred to as the second 
location), where the application-based transferability 
technique was used. The simulated trajectories exhibited 
a significant deviation from the real ones, as shown in 

2	 External Transferability

1	 In the second stage of testing the model’s transferability, 
the developed model was tested using a dataset from a 

Table 5  Model transferability evaluation results
 Applied dataset RMSE (mean ± STD)  RMSE 95% CI RMSEv  (mean ± STD) ADE (m) F DE (m)
Local transferability ID 2 Kackertstraße 0.15 m ± 18 cm [0.128, 0.168] 0.20 m/s ± 0.04 m/s 0.08 0.31

ID 3 Thiergarten 0.24 m ± 20 cm [0.210, 0.260] 0.17 m/s ± 0.05 m/s 0.21 0.37

External transferability Florida 0.178 m ± 9 cm [0.171, 0.187] 0.25 m/s ± 0.12 m/s 0.108 0.13

Fig. 11  Box plot of the trajectory differences for various vehicles using the validation datase. (a) calibration dataset. (b) Dataset (2). (c) Dataset (3)
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% of change = P1 − P2

maximum value − minimum value
∗ 100 � (15)

where P1, P2 are the values of the same parameter in the 
two models, the maximum value is the maximum value 
of the parameter, and the minimum value is the minimum 
value of the parameter used by Zhu et al. in [75].

The calibrated values of the two models’ parameters and 
the percentage of change are listed in Table 6. From the 
table, it was found that the relaxation time of the car is a 
transferable parameter, as there was almost no change in the 
values of the parameter. The percentages of change of the 

Fig. 14 (a). Therefore, the parameters were re-calibrated 
using the same GA optimization model, and the model 
showed a good performance in replicating the cars’ 
movements at the roundabout, as shown in Fig. 14 (b). 
Moreover, the evaluation metrics were computed and 
presented in Table 5. Finally, the error in the simulated 
trajectories for each vehicle type is shown in Fig. 15.

After that, the model parameters calibrated for both the round-
abouts in Germany and the one in the USA were compared to 
check for their similarity. The percentage of change for each 
parameter was computed using the following equation [74]:

Fig. 13  Box plots of the differences in the simulated trajectories (a) ID2 dataset and (b) ID3 dataset

 

Fig. 12  Comparison between simulated and real trajectories at the other studied roundabouts in Germany. (a) ID2. (b) ID3
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parameters representing the interaction strength of the 
repulsive force from the car, the boundary, and the lane 
line have high percentages of change. These significant 
differences in the interaction strength of the repulsive 
forces from cars and boundaries could indicate that the 
car drivers in Germany tend to maintain greater distances 
from other road users or obstacles to avoid collision than 

acting scope of repulsive force of the car, and acting scope 
parameters (for a car, lane line, and boundary) are very low, 
which means that they are transferable. The percentage of 
change in the anisotropic factor was 11.26%, indicating that 
this parameter can also be reasonably transferable.

On the contrary, the minimum vehicle distance, the 
maximum deceleration of the following vehicle, the 

Fig. 15  Box plots of the differ-
ences in the simulated trajectories 
for the external transferability

 

Fig. 14  An example of the simulated and real trajectories for one car at the roundabout in the USA. (a) Before re-calibration. (b) After re-calibration
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model was evaluated using different datasets from several 
roundabouts with different attributes. Different model struc-
tures with several force scenarios were evaluated to assess 
the impact of ignoring one or some forces on the model’s 
performance. It was found that the repulsive forces from 
other vehicles and road boundaries are essential physical 
forces in the SFM, while the driving force can be ignored 
if the following force is to be included. Generally, the pro-
posed model included the driving force, repulsive forces, 
and lane-keeping force, and added the following force in 
cases when the following behavior exists, while ignoring 
the driving force.

The model was further calibrated and validated using 
datasets from a roundabout located in an urban area in 
Aachen, Germany. The validation results revealed that the 
proposed model can replicate the movement of various 
vehicles in the roundabout. The trajectory RMSE and speed 
RMSE were 0.35 m and 0.19 m/sec, and the final desti-
nation error (FDE) and the average distance error (ADE) 
were 0.57 m and 0.26 m, respectively, for the first valida-
tion dataset. Using the second validation data, the trajec-
tory RMSE, speed RMSE, FDE, and ADE were 0.554 m, 
0.16 m/sec, 0.94 m, and 0.39 m, respectively. Additionally, 
the local transferability of the model to other locations with 

drivers in the USA. Moreover, the value of the critical 
spatial difference in Germany is lower than the value in 
the USA due to the higher traffic volume in Germany. The 
traffic volume at the first location is approximately dou-
ble the volume in the second one under nearly the same 
speeds; therefore, the distance between vehicles in the 
following behavior is lower. The significant differences 
in the values of these parameters indicate that they are 
not transferable and should be re-calibrated to improve 
the performance of the model. Noteworthy is that the traf-
fic at the roundabout in Florida is composed of cars only, 
and therefore, the parameters related to the other types of 
vehicles were not re-calibrated, and their transferability 
cannot be checked.

6  Conclusions and Future Work

This study aimed to develop a social force-based simula-
tion model to replicate the different vehicular movements 
at roundabouts. The implemented social force model (SFM) 
incorporates different forces, including a driving force, 
repulsive forces from other vehicles and obstacles, lane-
keeping force, and following force. The performance of the 

Parameters Equation  Calibrated Value % 
ChangeDescription First 

location
Second 
location

tr
The relaxation time of the car and van (sec) ⇀

F d (1) 0.73 0.72 0.16
Relaxation time of the bus (sec) 1.77 * - -
Relaxation time of the truck (sec) 0.46 * - -
Relaxation time of the bike and motorcycle (sec) 0.51 * - -

Ar
Interaction strength of the repulsive force from the car 
(m2/sec2)

⇀

F v (2) 11.72 6.26 36.37

Interaction strength of the repulsive force from bus, 
truck, trailer (m2/sec2) 

1.38 * - -

Interaction strength of the repulsive force from motor-
cycle and bike (m2/sec2)

1.20 * - -

Br
Acting scope of the repulsive interaction from the car 
(m)

3.90 4.22 −2.11

Acting scope of the repulsive interaction from a bus or 
truck (m)

3.20 * - -

Acting scope of the repulsive interaction from bicycle 
and motorcycle (m)

1.09 * - -

λi
The strength of interactions from behind (Anisotropic 
factor coefficient)

F oV (3) 0.40 0.51 −11.26

Ao
Strength of the repulsive force from obstacle (m/sec2) ⇀

F b (5) 14.25 10.80 23.03

Bo
Acting scope of boundary force (m) 2.25 1.59 4.37

Ail
Strength of the lane force from a lane line (m/sec2) ⇀

F l (6) 7.25 2.45 32.01

Bl
Acting scope of lane force (m) 1.50 0.63 5.63

αi
Max deceleration of the following vehicle (m/sec2) ⇀

F f (7) 2.7 0.75 39.0

αj
Max deceleration of the preceding vehicle (m/sec2) 0.29 0.12 3.41

dmin
Minimum vehicle distance (Critical spatial distance ) (m) 4.80 14.66 −69.63

*The parameter is calibrated only using data from Germany and was not included in the transferability analysis

Table 6  Calibrated values of the 
model parameters
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different geometric features and traffic patterns in the same 
city was investigated. The results showed that the model 
performed well at two different locations, where the RMSE 
of the trajectories and speeds were 0.2 m and 0.17 m/sec, 
respectively, at one location. At another validation location, 
the RMSE was 0.15 m for trajectories and 0.20 m/sec for 
speeds, while the FDE and ADE were 0.37 m and 0.18 m, 
respectively.

The external transferability of the model to another 
environment using a dataset from another country showed 
a significant deviation between the simulated and real tra-
jectories. Therefore, the estimation-based transferability 
method was applied to investigate which parameters are 
transferable. By comparing the previously calibrated param-
eters with the re-calibrated values using a dataset from a 
roundabout in Florida, USA, it was found that the relaxation 
time and the acting scope parameters of the repulsive forces 
from vehicles, road boundaries, and lane lines are transfer-
able. Moreover, the parameters representing the strength of 
repulsive forces from vehicles, boundaries, and lane lines 
cannot be transferred directly and should be re-calibrated. 
The re-calibrated model showed that the RMSE of the tra-
jectories and speeds were 0.178 m and 0.25 m/sec m/sec, 
respectively, and the FDE and ADE were 0.13 m and 0.18 
m, respectively. Finally, it was concluded that the developed 
model can represent the motion of vehicles at roundabouts 
after a proper calibration of the non-transferable parameters. 
The difference in these parameters’ values reflects the differ-
ence in driving behavior in Germany and the USA, where 
it was shown that drivers at the studied roundabouts in Ger-
many tend to keep more distance from other vehicles and 
obstacles.

The developed model is a promising initial structure to 
simulate the movements at traditional roundabouts using 
only social forces. Nonetheless, the study has some limita-
tions that need to be tackled in future research. The behavior 
of pedestrians crossing and their interactions with vehicular 
road users at the roundabouts should be addressed. More-
over, the model can be combined with other car-following 
models (e.g., Intelligent Driving Model, General Motors) to 
investigate the most suitable car-following model for rep-
licating the behavior at roundabouts when incorporating it 
with SFM. It will be a potential future research area to con-
duct a comparative study between the performance of this 
model and the other simulation models such as CA-based 
models and commercial microsimulation models under dif-
ferent traffic compositions and volumes. s While the exter-
nal transferability of the model was examined on a dataset 
from one distinct location, it should be transferred to other 
locations to verify its applicability in various environments 
with different traffic volumes and compositions (i.e., weak 
lane-based roundabouts).
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