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Abstract—To facilitate the currently expanding suite of
driver assistance and safety systems, modern vehicles are
equipped with a multitude of sensors to perceive their
environment. To utilize the obtained raw sensor data,
complex models are used. For multiple applications, a model
of the position of vehicles surrounding an observer, as well
as their predicted trajectories, is needed. Floating Car
Observers (FCOs) are vehicles that are capable of
identifying and mapping vehicles in their vicinity. In this
paper, we introduce a framework to simulate FCO
capabilities on top of an existing microscopic traffic
simulation. Our framework is capable of simulating FCO
embedded as part of ordinary traffic streams and
calculating which vehicles an FCO would detect, taking into
account, among other things occluded vehicles, sensor
range, or stochastic detection errors. To demonstrate the
capabilities of our framework we simulate traffic along a
1300 m long stretch of urban street including two
intersections. We show how many FCOs are needed to
detect certain percentages of all vehicles.

Keywords—Floating Car Observer (FCO), traffic

simulation, Simulation of Urban Mobility (SUMO)

. INTRODUCTION

Floating Car Observers (FCOs) are vehicles capable of
detecting other vehicles and road users using a multitude
of sensors. These detection capabilities allow FCOs to
transform raw sensor data into more abstract information
about other road users, for example, their position and
velocity as well as other information like the vehicle type
or the status of the direction indicator. This higher-level
data can be shared between the FCOs themselves or
between the FCOs and the infrastructure to facilitate
features ranging from simply determining the current
traffic flow to complex road safety applications or local
positioning services. For some of these applications, for
example, localized positioning or collision prediction, it
is necessary to combine data from multiple FCOs in the
same area because of their different viewing angles. For
applications like traffic flow estimation, it is best to have
FCOs detect and count the highest percentage of vehicles
possible. Other applications include optimizing Estimated
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Time of Arrival (ETA) prediction using current traffic
flow or optimizing signal timing in traffic-dependent
traffic lights. Even though related work exists on methods
utilizing FCOs, the simulation models used oftentimes do
not take factors like sensor range and angle or visual
obstruction into account.

Modern driver assistance and safety systems
oftentimes necessitate that vehicles detect surrounding
objects, thereby classifying these vehicles as FCO. These
real FCOs do not have perfect isotropic sensors that have
the same sensor range in all directions, but multiple
distributed sensors with different ranges pointed in
different directions. These sensors can also be blocked by
vehicles and environmental obstructions. It is also
important to note that different detection technologies
feature different characteristics. Additionally, the
resolution of sensors is also limited (spatial and temporal
resolution). Simulating an FCO without these restrictions
based on microscopic traffic flow simulation can easily
be done by detecting all vehicles within a certain
distance [1]. However, these simple detector models do
not take conical or circular sensor areas or obstructions
into account. The simulation of FCO that won’t detect
vehicles that are inside the sensor range but are hidden
behind other vehicles or obstructions is not trivial.
Compared on a computational level these more complex
sensor models are by orders of magnitude more
expensive. Our model is able to simulate multiple FCOs
utilizing these more complex sensors at a speed of 50
times faster than real-time on an office laptop utilizing an
Intel i5-1235U CPU. The computation times can vary
based on the simulation parameters used for the
simulation. For a speed of 50 times real time the default
parameters in Table | were used.

In this paper, we present results from our experiments
using our FCO simulation framework. Our interest lies
especially in understanding the influence certain
parameters have on the ability of a fleet of FCOs to
register the greatest number of vehicles. The following
section elaborates on the wider context of our research.
Additionally, the simulation setup and the conditions of
the experiments are stated. The paper ends with an
examination of the experiments’ results and drawn
conclusions.
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In 1954, moving observers were proposed to estimate
traffic flow [2]. In this method, human observers inside a
vehicle counted opposing traffic as well as overtaking
and overtaken vehicles to estimate traffic flow.
In Ref. [3], public transport vehicle FCOs were simulated
along an approximately 15 km long urban route. The
paper focused on improving arrival time estimation for
public transport using FCOs along the set route. The
improvement from human observers to sensor-based
digital observers where specialized sensors are
individually mounted on an FCO, is continued by works
in  which autonomous vehicles are wused as
observers [1, 4]. These Autonomous Vehicles as a Sensor
(AVaaS) have the advantage that they are fitted with all
necessary sensors by the manufacturer and can still be
used as detectors while parked along the street.
In Ref. [5], the authors created three-dimensional point
clouds from simulation data and trained computer vision
models to detect vehicles. In Ref. [6], some of the same
authors improved on this method by adding the capability
of FCO to predict the position of currently not visible
vehicles. While this research seems to be more
sophisticated, our approach should be computationally
less expensive and fill the niche for fast simulation
speeds.

Because the mere detection of other vehicles should
not be the long-term goal of this research it is important
to keep future applications of this technology in mind
while developing our simulation model. In Ref. [7],
Floating Car Data (FCD) was utilized in a floating car
data adaptive traffic signal. FCD is real time positional
information of single vehicles in contrast to FCO data
which is positional data of multiple clustered vehicles.
The traffic signal used FCD from vehicles in its vicinity
to adapt the signaling. These experiments were done in
real time wusing real vehicles. The same authors
Astarita et al. [8] showed that vehicles that do not send
out FCD can also benefit from FCD adaptive traffic
signals if enough other vehicles send out FCD. The FCO
approach should be able to increase the ratio of connected
vehicles by making non-connected vehicles visible to an
adaptive traffic signal.

LITERATURE REVIEW

I1l. SIMULATION

Our simulation framework is based on the microscopic
traffic simulation Software SUMO (Simulation of Urban
Mobility) [9]. To simulate FCO in traffic, a SUMO
simulation must first be run. The vehicle trajectories, road
network data and other additional model files are used as
input for the FCO simulation. During the simulation, each
car has a likelihood of becoming an FCO when entering
the simulation area. For each simulation step, the
framework calculates which FCO is able to detect which
vehicle. To achieve this, the visible area for every FCO is
calculated. This visible area is referred to as the visibility
polygon and is calculated using a rotational sweep
algorithm based on Asano’s work [10]. The
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computational power and thereby time required is
dependent on multiple simulation parameters:

(1) Number of vehicles: The simulation time scales
linearly with the number of simulated vehicles.
So, the time complexity is O(n) depending on the
number of all vehicles.

Amount of FCO: The time required scales also
linearly with the number of FCO in the
simulation. So, the time complexity is O(n)
depending on the total number of FCOs.
Detection range: The time complexity dependent
on the Detection range is less than O(n%). It is
important to note that the used algorithm is not
yet fully optimized.

The algorithm counts all visible vehicles that meet
certain requirements as detected vehicles. Some of these
requirements include that the vehicles are obstructed by
no more than a certain percentage and that the angle that
the vehicle covers in the sensor’s view is above a certain
threshold. The percentage criterion serves as a substitute
for the vehicle detection algorithm used in real FCO,
which can only recognize vehicles if they occupy more
than a certain percentage of the sensor’s field of view.
The angle criterion is used to simulate sensor resolution.
If a vehicle occupies only a certain angle of the sensor’s
view, a real FCO may not be able to detect it.

A. FCO Percentage

The probability of a vehicle entering the FCO
simulation being designated as an FCO should not be
confused with the share of FCO in all vehicles. This
discrepancy arises from the separation between the
SUMO simulation and the FCO simulation, and the
designation of wvehicles as FCO upon entering the
simulation. Consequently, vehicles entering and exiting
the simulation at random times distort the proportion of
FCO vehicles in relation to the total number of vehicles.
From a research perspective, it would be interesting to
maintain a constant percentage of FCO vehicles within
the simulation to obtain results exclusively for that
subset. However, in real-world traffic, the proportion of
FCO vehicles would also fluctuate around the average.

@)

®3)

B. Sensor Range

The sensor range refers to the maximum diameter of
the visibility polygon used to determine which vehicles
can be detected by an FCO. For this paper, the shape of
the maximum visible area is a circle around the center of
the FCO, but for future simulations, it could be changed
to any convex shape. This would require extending the
sensor range to multiple parameters that can sufficiently
describe that shape. In regard to the sensor range,
multiple sensor characteristics should also be kept in
mind. For example, automotive Light Detection and
Ranging (LiDAR) sensors deliver accurate measurements
at short ranges, while Radio Detection and Ranging
(RADAR) sensors excel at longer ranges [11]. Visual
marker detection and object classification can solely be
done by camera systems.



Journal of Advances in Information Technology, Vol. 16, No. 2, 2025

C. Minimal Visible Percentage percentage pmin, the visible angle o is smaller than the

Sometimes when obstructions are taken into account ~ minimal visible angle ¢min. The opposite holds for V3.
certain vehicles are partly visible to an FCO. The  Here the visible percentage ps is smaller than pmin, but as
minimal visible percentage pmin is the percentage of the  is greater than amin Both comparisons can be seen in
vehicle that has to be visible in order for the FCO to  Egs. (2) and (3). Because V1 and V3 both miss one
detect said vehicle. For example, at a pmin Of 50%, an criterion, neither vehicle is detected. For this example, a
FCO would detect a vehicle of which it can see 60%, but ~ minimum visible percentage pmin 0f 50% and a minimum
not if it’s only able to see 40%. The purpose of this  visible angle gmin of 7.5<were used.
parameter is to be a substitute for the ability of detection
algorithms employed in real FCOs to detect partially
covered vehicles. The visible percentage pi is the ratio
between the actual visible angle ; and the visible angle P2 < Prmin < P1 ®)
without all obstructions i Eq. (1).

pi = ai/ Bi 1)

D. Minimal Visible Angle

In addition to the minimal visible percentage pmin there
is the minimal visible angle gmin. This parameter sets the
minimal angle the visible portion of a vehicle has to fill in
order to be detected. This is used to approximate the
resolution limitation a real-world sensor would have. If a
partly covered vehicle at a distance results in too few data
points, a detection algorithm could have problems
detecting the vehicle. For example, if a sensor with a
fixed resolution and viewing angle is used, the number of
dots per viewing angle could be determined, leading from
a minimum number of data points to the minimum visible Fig. 2 shows an FCO standing in front of an
angle. intersection for 5 s. All vehicles detected by the FCO are

Fig. 1 shows an FCO (green) and three other vehicles.  ¢onnected to the FCO via a black line. In the first frame,
The FCO detected one vehicle (V2) but did not detect  the center topmost vehicle does not get detected, even
two partly covered vehicles (V1 and V3). While the  though it is partly inside the visible area of the FCO. This
visible percentage p: for V1 is larger than the minimal s because of one of the aforementioned criteria.

to t t, t3 ty

~

01 < Qmin < 2 (2)

AYA!

Fig. 1. FCO detection area and visible angles.

PR

Fig. 2. Multiple frames of an FCO standing in front of an intersection.

two intersections lies a signalized pedestrian crossing
IV. EXPERIMENTS activated by pedestrians.

Along the entire length of the main road and the
extending feeding road are two tram tracks. Twelve trams
run in each direction per hour along these tracks. Most of
the streets are bordered by buildings, which are included
in the simulation because they can obstruct the view of an
. : . Lo FCO and thus affect the simulation results. The entire
experiments to det_el_'mlne the influence of individual model is based on the section of road between the
facto_rs_ on the capabilities ofa_fleet O.f FCOs. intersections Katzensprung and Weserspitze in Kassel,

Initially, we developed a simulation of a 500 m long Germany (5119'15.6"N 930'39.6"E). Fig. 3 illustrates a

section of_a m_ultila}ne street. This street connects two map of the utilized network. The streets are depicted in
four-arm signalized intersections, each of which is fed by light gray, while buildings and other static objects are
400 m long streets. The traffic lights have a fixed cycle dark gray '

length of 90 s. In the middle of the street connecting the

The aim of simulating FCO as part of ordinary traffic
is to improve our understanding of the detection coverage
that a fleet of FCOs can achieve and the impact that the
size of that fleet has on the quality of data.

To achieve this objective, we designed multiple
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Fig. 3. Map of the used network. Two intersections and one pedestrian
crossing.

To investigate the impact of four different parameters
on the detection coverage of all FCOs, four sets of
experiments were conducted. Table I displays the model
parameters that were varied and what values were used.
Initially, the percentage of FCO among all vehicles was
adjusted. The simulation involved 21 different values for
the FCO percentage, ranging from 0% and increasing by
5% for each experiment until reaching 100%.

During the experiments where the FCO percentage was
varied, the default value was used for all other
parameters. The second parameter examined was the
sensor range, which started at 5 m and was increased by 5
m until the last value of 50 m was reached. During the
experiments, the default values were used for the other
parameters again. This process of varying a single
parameter was repeated for the following parameters in
Table 1. The default values were selected by manually
searching for values that resulted in FCO detection
distributions that were neither too close to detecting no
other vehicles nor detecting nearly all other vehicles. For
clarity it is important to note that in all experiments all
FCO sensors had a field of view of 360< around the
vehicle.

The experiments were run for 4 h of simulation time
with an additional 20 min of simulation time before
beginning to measure the results to eliminate effects that
could arise from the network first filling with vehicles.

TABLE I. SETS OF PARAMETERS USED FOR SIMULATION

Parameter name Startvalue Endvalue Stepsize Default value

FCO percentage 0% 100% 5% 10%
Sensor range 5m 50 m 5m 40m
Minimum visible 0% 100% 506 50%
percentage
Minimum visible - ° ° °
angle 0 10 1 3
V. RESULTS

When entering the test area, every vehicle was
assigned as either an FCO or a regular vehicle. The
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probability for a vehicle to be assigned as an FCO was
equal to the FCO percentage pi. This context needs to be
considered when evaluating the results because the actual
proportion of FCOs among all vehicles does not precisely
match the target percentage but rather follows a
distribution around it. Fig. 4 displays the distributions of
the share of FCOs among all vehicles based on the FCO
target percentage. The actual FCO percentages are
distributed around the target value with a standard
deviation of up to 5.23%. Fig. 5 illustrates the proportion
of detected vehicles based on the share of FCO among all
vehicles. It is evident that the initial FCOs entering the
pool of all vehicles have a disproportionate impact on the
number of vehicles being detected. At a target value of
5%, all FCOs can already detect, on average, 28% of all
vehicles. As the proportion of FCOs increases to around
35%, the rate of detected vehicles begins to plateau and
increases only slowly until reaching 100% at the target
value of 100%. Fig. 6 illustrates the concept of
diminishing returns associated with increasing sensor
range. An increase from a sensor range of 5 m to a sensor
range of 10 m leads to an approximate 9.3% increase in
the mean detection rate. Subsequent increases in sensor
range result in progressively smaller increases in
detection rates. This relationship can be explained by the
mode of detection employed by the FCOs.

1.0

° e o
B @ o

FCO Percentage

o
[N}

0.0 -

"03 04 05 06 07 08 09 10

FCO target percentage

Fig. 4. Distributions of the number of actual FCO based on the target
FCO percentage.
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Fig. 5. Distribution of the share of detected vehicles based on the target
FCO percentage.
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Fig. 6. Distributions of the share of detected vehicles based on the FCO
detection range.
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Because the sensor’s view is obstructed by the first
vehicle or object it encounters in every direction, the
initial few meters of sensor range result in the detection
of multiple vehicles. Subsequently, vehicles located
behind the first one can no longer be detected, resulting in
fewer additional cars being detected.

Fig. 7 illustrates the relationship between the
percentage of a vehicle area that must be visible to be
detected and the rate of vehicle detection. Only a slight
decrease in the mean detection rate due to the increasing
minimum visible percentage is observed. The sole
exception is the transition from a minimum visible
percentage of 95% to 100%. This transition leads to a
significant drop in the mean detection rate from 39% to
22%. This leads to the conclusion that for the vast
majority of detected vehicles, the visible area was
obstructed by no more than 5%.
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Fig. 7. Distributions of the share of detected vehicles based on the
minimal visible percentage needed for detection.

Fig. 8 depicts the distributions of detected vehicles
based on the minimum detection angle. It is evident that a
detection angle criterion of below 3<does not influence
the resulting distribution. This also leads to the
conclusion that no significant number of detected
vehicles occupied an angle of less than 3<at the time of
detection. Following a minimum detection angle of 3< an
increase in the angle results in a steady decrease in the
detection rate.
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Fig. 8. Distributions of the share of detected vehicles based on the
minimal detection angle.

The visualizations for this evaluation were done using
violin plots. This was done to show the distribution of the
share of detected vehicles.

It is important to note that the horizontal lines at the
top and the bottom of the violin plot are the minimum and
the maximum of the distribution and not the Inter-
Quartile Range (IQR) as they are often used in box plots.

Fig. 9 shows the results of a selected parameter range
from a full parameter study. The parameter study was
done using all possible combinations of parameter values
from Table 1. The results are shown using the 80™
percentile in contrast to the boxplots used in the single
parameter experiments. This was done to show multiple
FCO percentages in one subplot to fit all four dimensions
of the parameter space into one figure. All subplots in the
same row show results from experiments using the same
minimal visible percentage. It is visible that the minimal
visible percentage below 50% has no significant
influence on the results of the detection rate. This is
consistent with results from the previous experiments
where only one parameter was changed at a time.
Subplots in the same collum all share the same minimal
detection angle. On closer inspection, it can be seen that
an increase in the minimal detection angle leads to a
slight decrease in the 80™ percentile of the detection rate.
This again is consistent with the results of the previous
experiments. Additionally, it seems that the different
parameters are independent of each other so that a change
in one parameter leads to the same changes in the result
regardless of the other parameters. While the first two
parameters seem to have a minor or no significant impact
on the detection rate, the detection range has a significant
impact on the 80" percentile of the detection rate. An
increase in the detection range leads to a non-linear
increase in the detection rate. The correlation between
detection range and detection rate seems to be similar to
the results of the experiments where only the detection
range was varied. The same holds true for the correlation
between FCO percentage and detection rate.

All four simulation parameters seem to be independent
of each other so that a change in one of them leads to the
same change in detection rate independent of the values
of the other parameters.
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Fig. 9. Selected results of full parameter study.

Additionally, the low or insignificant impact of the
minimal detection angle ¢min and the minimal detection
percentage pmin can be confirmed for the whole range of
detection ranges and FCO percentages. Fig. 9 only shows
a range of results and not the results of all performed
experiments. The conclusions drawn from this subset of
results can however be transferred to the whole parameter
study. For these experiments, the assumption was made
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that the detection quality of the simulated sensors has no
stochastic error. For future works, it should be considered
to also simulate a detection likelihood.

VI. CONCLUSION

An important finding of this research is that a
relatively small fraction of FCOs can detect the majority
of all vehicles. This factor could be further increased if
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temporal  enhancement  methods  described by
Gerner et al. [6] were used. For real-world applications, it
would be ideal if all FCOs freely shared their data.
However, based on these results, it would already be
feasible if individual car manufacturers would only share
data among cars from their own manufacturer.

Additionally, it appears that the increase in detection
rate diminishes as the sensor range exceeds 15 m. Further
research is needed to determine whether the urban setting
of the simulation has an impact on this correlation and if
rural country roads exhibit this effect at higher ranges.
The fact that an increase in sensor range above 30 m only
results in marginal increases in the detection rate suggests
that the majority of detections occur within a shorter
range. The lack of correlation between the minimal
visible percentage and detection rate indicates that the
proportion of vehicles partially obstructed among all
vehicles is very small, and only vehicles obstructed by
less than 5% have a significant impact on the detection
rate.

For future work, an analysis of the distribution of
detected vehicles should be included. For some
applications, it is best if the detected vehicles are spread
equally distributed among all traffic. For others, like
localized positioning, it is beneficial if some vehicles are
observed by multiple FCOs to triangulate the relative
position of all involved vehicles. Additionally, some
mechanism simulating random detection errors should be
added to determine the robustness of this detection
method.
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