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Simulation-based impact projection of autonomous
vehicle deployment using real traffic flow

Eleonora Andreotti, Selpi and Pinar Boyraz

Abstract—In this work we focus on future projected impacts
of the autonomous vehicles in a realistic condition representing
mixed traffic. By using real flow and speed data collected in 2002
and 2019 in the city of Gothenburg, we replicated and simulated
the daily flow variation in SUMO. The expansion of the city in
recent years was reflected in an increase in road users, and it is
reasonable to expect it will increase further. Through simulations,
it was possible to project this increase and to predict how this
will impact the traffic in future. Furthermore, the composition
of vehicle types in the future traffic can be expected to change
through the introduction of autonomous vehicles. In order to
predict the most likely drawbacks during the transition from
a traffic consisting only manually driven vehicles to a traffic
consisting only fully-autonomous vehicles, we focus on mixed
traffic with different percentages of autonomous and manually
driven vehicles. To realize this aim, several parameters of the
car following and lane change models of autonomous vehicles are
investigated in this paper. Along with the fundamental diagram,
the number of lane changes and the number of conflicts are
analyzed and studied as measures for improving road safety and
efficiency.

Index Terms—automated driving, mixed-traffic, traffic simu-
lations, realistic conditions

I. INTRODUCTION

In this work, we bring forward the study of the projected
impact that autonomous vehicles (AVs) will have on real
city traffic. It is well-known that car manufacturers and
newly launched high-tech companies are working on AVs and
introducing different levels of automation in new vehicles.
Therefore, it is a valid research question to investigate the
impact of these new technologies in real traffic conditions
and how much the current city infrastructure and traffic
management systems are ready for this gradual change. In
fact, it is expected that 50% of the new vehicles produced and
sold in 2040 will be autonomous, and that 10 years later half
of the vehicles present on the road will be autonomous [1].
Therefore, the ground is being prepared for a future in which
more and more AVs will exist. In [2], 4 macro-categories
(which includes 25 subcategories) to measure preparedness for
AVs made by each country in the world are identified: Policy
and Legislation, Technology and Innovation, Infrastructure and
Consumer Acceptance. Based on evaluations of the sub- and
the macro-categories, a ranking is compiled, in which Sweden
occupies the fifth place. In light of this gradual but continuous

∗E. Andreotti, Selpi and P. Boyraz are with the Division of Vehicle Safety,
Department of Mechanics and Maritime Sciences, Chalmers University of
Technology, SE-412 96 Göteborg, Sweden
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process, it is important to understand the effects of mixed
traffic, in which two or more driving styles (e.g. autonomous
and manual) will interact among them. Hence, in order to
improve safety and efficiency, our aim is to identify which
are the driving characteristics (i.e. parameters’ values) that
allow a safer and more efficient interaction with manually
driven vehicles (MVs). To this end, we have reproduced the
topology of the south-east part of the city of Gothenburg, for
a total of more than 20km of high-speed road and on and off
ramps, and its daily traffic flow through Open Street Map and
data from the Swedish Transport Administration (Trafikverket)
[3], respectively. We simulated the daily traffic with SUMO
(Simulation of Urban MObility [4]) in the years 2002 and
2019, taking into account the changes in posted speed limits on
the roads. As for the choice of the car following model, in [5],
the IDM and Krauss car following models were compared ([6]
and [7], respectively), both calibrated on Gothenburg roads.
It was shown that SUMO generates results more similar to
real measurements when using the Krauss model instead of
the IDM model. Moreover, the IDM model generates more
conflicts during vehicles’ lane changing. For these reasons,
we simulate both autonomous and manually driven vehicles
using the Krauss model. In order to represent the behaviour of
MVs as close as possible to the real traffic, we used the values
of the parameters for lane change and Krauss car following
models calibrated in [8] on the roads of Gothenburg. Once
the daily traffic is simulated for MVs, we introduce several
percentages of AVs. Initially, we consider the values of the AV
parameters proposed in [8], subsequently we analyze, in real
traffic simulations, the improvements in the values suggested
for ideal traffic in [9]. Finally, other parameters’ values are
analyzed in this paper (on the apparentDecel, lcStrategic
and decel parameters). In [9], the number of lane changes
and the number of conflicts were proposed as a measure of
traffic efficiency and safety and the parameters’ values have
been analyzed in order to improve the measure’s value. In
accordance with the approach introduced in [9], in this paper
we analyze for different percolation percentages of AVs and
different parameters’ values, the number of lane changes, the
number of conflicts and the fundamental diagram. In Section
IV we focus on simulations with different percolation per-
centages of AVs (AV simulations). We investigate the effects
of parameters in AV behavior, reflected on these three main
outputs: fundamental diagrams (IV-A), number of lane changes
(IV-B) and number of conflicts (IV-C). Finally, in Section V,
we outline the future work based on our main observations
from this analysis.
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II. DESCRIPTION OF THE SIMULATION SETTING

By using SUMO, we simulate the daily traffic flow variation
in the city of Gothenburg, comparing the real and simulated
data of 2002 and 2019. More precisely, we compare the two
flows (i.e. the number of vehicles that passes a certain cross-
section per time unit, [10]) that passes through three detector
devices (red devices in Fig. 1). In SUMO, the flow detectors
are called Induction Loop Detectors ([11]), for this reason,
to distinguish the real devices (those used by Trafikverket)
and those placed in SUMO we will call the real detectors as
detector loops and those in SUMO as simulated detector loops.
In both loops the information collected are flow and time-
mean speed (the arithmetic average speed of all vehicles for a
specified period of time). In addition to those information, the
simulated detector loop also collects information on space-
mean speed (average speed of vehicles traveling a given
segment of roadway during a specified period of time). The
authors refer to [12] for an in-depth theoretical and empirical
analysis on time-mean speed and space-mean speed.

A. Description of the simulation setting: year 2002

In order to generate a daily flow of vehicles that is in
accordance to the data collected by Trafikverket, we have
placed, in SUMO, 4 simulated loops that inject flow of traffic
(blue points in Fig. 1) and the 3 simulated detector loops
that detect flow, time-mean speed and space-mean speed. The
blue loops will be called injector loops (or injectors) and
they inject traffic flows as such that the flows detected by the
simulated detector loops are in accordance with the real flows.
The simulated detector loops have been placed in the same
points as the real detector loops. As regards the speeds, we can
compare the real time-mean speeds with the simulated ones,
but the space-mean speeds are detected only by the simulated
devices. Therefore we can compare the resulting simulated
fundamental diagrams: once the flows are fixed, the space-
mean speeds and the densities depend on parameters’ values.
We note that, since the vehicle speeds under consideration will
not necessarily all be the same, it will not be possible to use the
time-mean speed instead of the space-mean speed in the study
of the fundamental diagram, [12]. Each simulated detector
loop in SUMO is composed of one sub-loop per lane, and since
all the roads where we have placed the red loops are formed
by 3 lanes, each simulated detector loop is composed of three
sub-loops. The data provided by Trafikverket are aggregated
by hour and by road section. Therefore it is not possible to
determine how many vehicles pass through each lane from the
real data, but we can instead get it from the simulated ones.
However, by using the real data, it is possible to distinguish
the type of the passing vehicles (i.e. cars and trucks), hence
we have considered these detected types in our simulations
as well. Therefore, we can say that our simulations have a
characteristic representing both mixed (i.e. cars, trucks) and
heterogeneous traffic (i.e. AVs and MVs). The SUMO param-
eters used to define the vehicles are in accordance with the
parameters calibrated by [8] for Gothenburg, where a Metric
Stochastic Response Surface Method (MSRSM) optimization
algorithm to tune traffic simulation against real world detector

data is proposed and used. In Fig. 2 and 3 the flows and time-
mean speed as the daily hours vary, detected by SUMO loops
and Trafikverket devices are compared, respectively.

Fig. 1: Portion of Gothenburg in SUMO. Blue loops inject
traffic, red loops detect traffic. Traffic detected by the red loop
3 is generated by the blue loop A. Traffic detected by loop 2
is generated by loops A and C. Traffic detected by loop 1 is
generated by loops A, B and D.

Fig. 2: Flow of vehicles as hours change (on August 29, 2002).
The detections of the real devices (markers) are compared with
the detections of the loops in SUMO (lines): device 1 (black),
2 (gray) and 3 (light gray).

B. Description of the simulation setting: year 2019

Measurement devices have been placed in different locations
in 2002 compared to 2019 according to the dataset collected by
Trafikverket. Therefore it is not possible to directly compare
the data from 2002 with those from 2019. However, it is
possible to derive the daily traffic flows indirectly through
other devices. For example, the traffic detected by device 3 has
been simulated considering the flow of traffic passing through
device A, minus the outgoing traffic from device B, plus the
incoming traffic from devices C and D in Fig. 4. However, for
a direct verification of the flow data we have compared further
devices present in the scenery, see [13] for the definition of
scenery. For a comparison as precise as possible between the
data of 2002 and 2019, we consider week days for both years.

C. On the comparison between 2002 and 2019 data

Fig. 5 shows the traffic densities and flow of one day of
2002 and one day of 2019 passing through loops 1, 2 and 3.
We can observe that the number of vehicles passing through

the loops is significantly increased in 2019 compared to 2002,
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Fig. 3: Time-mean speed of vehicles as hours change, 2002
(left) and 2019 (right). From top to bottom: devices 1, 2 and
3. The solid lines represent the speed limits.

Fig. 4: Portion of Gothenburg in SUMO. The red loop detects
traffic injected by blue loops.

for example the number of vehicles that passes through loop
3 has increased by more than 10%. However, the density of
the population in the Västra Gotaland region from 2002 to
2019 has increased from 1.5 million inhabitants to more than
1.7 million inhabitants [14]. This would mean that people
traveling by car has increased accordingly with the population.
Furthermore, the increase in flow is evident in all three loops.
Loops 1 and 2 are located in the ring road of Gothenburg,
therefore they detect both the outgoing and the incoming
traffic, as well as the traffic of those who move from one
point to another in the city. Loop 3, unlike loop 1 and loop 2,
is located on an incoming road, thus only detects the incoming
flows (see Fig.5). The second observation we can make is that
in 2019 most of the increased flow is in the morning, 7-9
a.m., i.e. the flow due to people who live outside the city but
who enter the city to work. A further observation is that the
average speeds of the vehicles do not seem to have undergone

Fig. 5: Comparison of the daily traffic flows in 2002 and 2019
passing through loops 1 (left), 2 (right) and 3.

changes, although the speed limit of the road where device 2
lies has changed from 70 to 80 km/h (Fig. 7). A more detailed
analysis of the average speeds will be investigated in the next
section.

III. ON THE COMPARISON BETWEEN REAL DATA AND MV
SIMULATIONS

In the previous section we showed how, in SUMO, we
generated traffic flows equal to the real flows. In this section
we focus on the mean speeds, and the question we shall
answer is whether the MV simulations follow the same trend
of real data. In the simulations, vehicle speeds depend on the
maximum speed allowed on the road, on the car following
model used and its parameters’ values. In Fig. 3, we compare
the time-mean speeds, as the daily hours vary, of the real data
with those detected by the red loops on the lanes. We note
that, although no constraints have been given on the speed of
the injected vehicles, the speed detected by the red loops in
SUMO varies similarly as the real data varies. However, the
same cannot be said about the average speeds. The roads where
devices 1 and 3 have been placed have a speed limit of 90 km/h
in both 2002 and 2019, while the speed limit of the road where
device 2 has been placed has a limit of 70 km/h in 2002 and
80km/h in 2019. However, the average time-mean speed of
real data (2002) passing through the device 2 is the same with
the average time-mean speed of real data in 2019, while in
our simulations the average speed is significantly lower (in
2002), in accordance with the speed limit. The causes that
can lead to such a difference in average speed maybe due to
the speed cameras placed near devices 1 and 3 and not near
device 2, or because of the speed limit of the road is perceived
as too low near the device 2. In fact, in 2019 the limit was
raised from 70 to 80 km/h. By comparing the space-mean
speeds of the vehicles that pass through the three loops in
2002 and 2019 we notice that the average speeds do not seem
to have changed, while the greatest differences we notice is
with regard to the lane speeds, Fig.7. In fact, we note that
in 2019, the difference between the speeds in the lanes is
more noticeable than in 2002. In addition, we note that the
fundamental diagrams (Fig. 6 (left)) also show the change of



4

Fig. 6: Comparison of the fundamental diagrams in 2002 and 2019 passing through loops 1 (left), 2 (center) and 3 (right).

Fig. 7: Speed of vehicles as hours change, 2002 (left) and
2019 (right). From top to bottom: loops 1, 2 and 3.

state (i.e. a change in the slope of the data), from reasonably
free flow to congested, in the slow lanes of 2019 already for
10 vehicles per km. The cause of the decrease in speed and
density on slow lane in 2019 is attributable to the number of
trucks to the number of cars ratio which increased in 2019,
Fig.8. In fact, it is well known that trucks may not be allowed
to use as high speed as cars (because of law/safety reasons)
and take up more space. In general, the lowering of the flow
in the fundamental diagrams (over 20 vehicles per km per
lane) reflects the change of state from reasonably free flow
to congested, [15]. We will analyze this aspect in detail in
the next section. From here on, unless otherwise specified, the
parameters’ values of the MVs used in the simulations are
those given in Tab. I.

IV. SIMULATIONS WITH DIFFERENT PERCOLATION
PERCENTAGES OF AVS

In this section, we focus on different AV’s percolation
percentage. The parameters’ values used for MVs are the

Fig. 8: Ratio between number of truck and number of cars
passing through loop 3, [3].

TABLE I: SUMO parameters

Parameter MVs value AVs value
length norm(4.9,0.2); [3.5,5.5] norm(4.9,0.2); [3.5,5.5]
accel norm(1.4976,0.0555) 1.5000
decel norm(4.0522,0.9979) 6.0000
apparentDecel decel decel
sigma norm(0.7954,0.1615) 0.5000
tau gamma(33.6166,40.6236) 0.5000
minGap norm(1.5401,0.2188) 1.5014
lcStrategic norm(0.0122,1.6575) 10
lcCooperative norm(0.9978,0.1) 0.9999
lcSpeedGain 1 1
lcSpeedGainRight 1 1
lcKeepRight 1 1
lcAssertive 1.3 1
speedFactor norm(1.2081,0.1425) 1
lcOpposite 1 1
lcLookAheadLeft 2 3
lanechange-duration 1.1362 0

same as in the two previous sections, while for AVs we
consider the values of the parameters introduced in [8] together
with improvements analyzed in [9] on speedFactor value,
and others that we will explore in this work. The purpose
of this section is to deeply investigate macroscopic quantities
through a study of microscopic quantities to improve safety
and efficiency in mixed traffic conditions. In this regard,
we analyze AV percentages that vary from 0 to 100%, and
different driving parameters. The parameters explored are
speedFactor (sF, the factor by which the driver multiplies the
road speed limit and result represent the maximum speed used
in the simulation), apparentDecel (AD, the value used as the
expected maximum deceleration of the lead vehicle), decel
(the maximum deceleration of the ego vehicle), lcStrategic
(i.e., driver’s eagerness to perform strategic lane changing)
and Driver state Device (i.e. the perception errors related to
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the distance with the lead vehicle and the relative speed). By
default, the apparentDecel is equal to the decel, which means
that each vehicle expects the lead vehicle to decelerate like
it does. In a context of mixed traffic where MVs have an
average decel equal to 4[m/s2] and AVs equal to 6[m/s2], this
assumption is very strong and deserves to be studied in detail.
We therefore analyze the 4 possible combination cases of
AVs and MVs with apparentDecel 4 and/or 6[m/s2]. Together
with the apparentDecel we analyzed the decel, being the two
parameters closely related, Tab. I. lcStrategic is a parameter
concerning the lane changes model and as we will see later,
it has a strong impact on traffic safety conditions. For this
reason, we have carried out a deeper exploration and we have
analyzed the default value 1, as well as the one proposed in
[8] (lcStrategic=10), and the intermediate values between the
two, in particular values 3,5 and 7. For more details see Tab.
II. From here on we will consider the traffic data of 2019:
being composed of higher densities allow us to study in more
depth the critical aspects of the parameters, especially in view
of an increase of road users towards the future.

Fig. 9: Ego vehicle speed as the gap distance varies (distance
from front bumper of ego vehicle to rear bumper of the vehicle
ahead). The dotted lines represent the standard deviation of the
gamma distribution that characterizes tau for MVs.

TABLE II: Simulations with different of AVs. Values in bold
are default values.

Parameter speedFactor apparentDecel lcStrategic decel
AVs value 1, 1.2 4, 6 1, 3, 5, 7, 10 4, 6

A. Fundamental diagram of traffic flow

For representing the heterogeneous and mixed vehicle fleet,
we replaced the MVs with different percentages of AVs, while
we left the number of trucks unchanged. Let us start by
setting the AV parameters as in Tab. I, with the exception
of the speedFactor (sF) parameter which has been extensively
studied in [9] and therefore we set it to 1.2. Comparing the
results obtained in 100% MV simulations with those obtained
with different percentages of AVs, we observe that the critical
point in the fundamental diagram (Fig. 10 bottom) does not
seem to occur, or at least not for the densities considered, as
the percentage of AV increases. In order to explain the possible
explanation for it, we analyze the parameters that characterize
the AV and MV. First of all, we observe that the minGap (min-
imum empty space after the ego vehicle) of the AV and MV
is not different enough to compromise the result. In fact, the
maximum estimated number of AVs in a stretch of 1 Km road

segment is 156 (1000m/(minGap+AV’s mean length)) while
the maximum number of MV is 155 (1000m/(minGap+MV’s
mean length)). The parameter that most influences the result
is the driver’s desired (minimum) time headway, tau, of the
two vehicle types in the car following model. In fact, the
parameter tau is also used in the implementation of the Krauss
model instead of the reaction time τr. More precisely, the safe
speed, in Krauss model implementation, of the ego vehicle is
computed using the following equation

vsafe(t) = vlead(t) +
g(t) − vlead(t)τr
vego+vlead(t)

2decel + τr
, (1)

where t is the time step, vlead(t) is the speed of the leading
vehicle in t, g(t) is the gap between ego vehicle and leading
vehicle in t and τr = tau. Assuming that the ego vehicle (AV
or MV) have the same speed as the lead vehicle at time t,
Fig. 9 compares the speeds of the ego vehicles at the time
t + ∆t. We notice that when the ego vehicle is an MV, the
vehicle brakes at much longer distance to the lead vehicle
compared to when the ego vehicle is an AV, thus an AV traffic
flow will enter in critical regime with higher densities than
an MV traffic flow. In fact, the mean of gap distance (from
front bumper to rear bumper) between MVs of less than 20 m
corresponds to a density greater than 40 MVs per km per lane
(1000m / (mean distance + MV’s length)) which correspond
to a flow of 3600 MVs per hour per lane (40MVs / 1km *
90km / h), i.e. when more than 1 vehicle is introduced per
second per lane, then the MVs start to brake. If we consider
the AVs, this mean distance is reduced to 12 m between
one vehicle and the next one, which corresponds to a vehicle
every 0.7 seconds per lane ((minGap+MV’s length)/(90km/h)).
However, the traffic considered is not made up of MVs or AVs
only, in fact it is a mixed traffic in which 13% (in 2019)
of the vehicles are trucks. Doing the same calculation for
trucks, which have reaction times corresponding to 1 s and
average length 7.1 m, we get that the distance at which trucks
begin to brake is 25 m which corresponds to injections of
one truck every 1.3 seconds. In correspondence with these
thresholds (from 25 of trucks to 40 of AVs veh/km/lane) the
state of the system changes from a regime of reasonably stable
to a congested regime, therefore, shorter τ leads to higher
speeds for higher densities. However in our simulations we
observe that this threshold is considerably lower, Fig. 6, and
the cause is the heterogeneity of the vehicles. In fact, not
all the vehicles aim to drive at the same speed, the traffic
is mixed (we have cars and trucks together), vehicles change
lane and enter and exit the road through on and off ramps and
therefore interact more than simply adapting to the speed of
the lead vehicle. Fig. 10, Fig. 11, Fig. 12 and Fig. 13 show
fundamental diagrams for different percolation percentages of
AVs and different parameters’ values (speedFactor, sF, and
AVs’ apparentDecel, A AD), respectively. Moreover, in Fig.
10 on the right, we represented the fundamental diagrams
per lane. We observe that for different percentages of AVs
the vehicles are distributed differently on the lanes: for low
percentages of AVs the slow lane is congested at low densities,
and therefore the most exploited lanes are middle and fast.
On the contrary, for high percentages of AVs the most used
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lanes are slow and middle, and for the densities considered,
the flow does not enter into congested conditions. This aspect
is also reflected in the fundamental diagrams (on the left)
in which, for high percentages of AVs, the densities are on
average lower, but the flow is higher. Fig. 11, Fig. 12 and Fig.
13 show that greater interaction between AVs and MVs (sF
equals to 1.2) increases traffic flow, i.e. for the same densities
the vehicles drive faster on average. In this sense, we could
deduce an improvement in the efficiency of the traffic flow,
which would confirm the results obtained in [9] with respect
to the value of the sF. As for the AV’s apparentDecel, it does
not significantly affect the fundamental diagram, therefore we
will deeply analyze this parameter in the following sections.

Fig. 10: Fundamental diagram in simulation with different
percentages of AV. Left: devices 1 (top), 2 (center) and 3
(bottom). Right: device 1 slow lane (top), middle lane (center)
and fast lane (bottom). AV’s parameters in accordance with
Tab.I and sF=1.2.

In conclusion, if the reaction time of AV is set to on average
lower than the reaction time of MV and the AV is set to use
speed higher than the MV (i.e., speedFactor of AV is 1.2)
then we can expect that the increase in the percentage of AVs
increases the efficiency of road traffic, where as a measure of
efficiency we consider the number of lane changes proposed
in [9].

B. Results about Lane changes

In this section we will investigate the number of lane
changes for different parameters’ values and different per-
centages of autonomous/manually driven vehicles. In [9], the
number of lane changes has been proposed as a measure of
driver dissatisfaction in reasonably free flow condition. In fact,
“being able to change lanes” means having margin to reach
the desired speed, something that only a state of uncongested

Fig. 11: Loop 1. Fundamental diagram in simulation with
different parameters’ values. Top Left: 20% of AV. Top Right:
50% of AV. Bottom: 80% of AV.

Fig. 12: Loop 2. Fundamental diagram in simulation with
different parameters’ values. Top Left: 20% of AV. Top Right:
50% of AV. Bottom: 80% of AV.

traffic could allow. However, lane changes are showed to be
the cause of stop-and-go waves, [16], [17], and in order to
overtake, the speed is usually increased, which increases the
risk of accidents. In fact, in [18] it is shown that a 1 % change
in speed would lead to a 1.7% change in injury accident on
roads with a 120km/h speed limit and 4% on roads with a
50km/h speed limit, while it leads to a 3.3% change in fatal
accidents on roads with a 120km/h speed limit and 8.2% on
roads with a 50km/h speed limit. Safe and efficient traffic is
therefore traffic in which it is possible to overtake (reasonably
free flow conditions) and at the same time such that the number
of overtaking is as small as possible. This condition can be
reached with all AVs and in segments of roads that do not
require for changes in driving (there are no on-off ramps, inter-
sections, traffic lights, ...). It is clear that these are totally ideal
conditions. However, our aim is to get as close as possible to
traffic conditions of this type. The authors, in [9], demonstrate
(proposition 3.1) that the number of lane changes increases
quadratically as the number of vehicles involved varies. The
demonstration is confirmed by simulations on a straight road
consisting of three lanes. When traffic condition changes to
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Fig. 13: Loop 3. Fundamental diagram in simulation with
different parameters’ values. Top Left: 20% of AV. Top Right:
50% of AV. Bottom: 80% of AV.

an approaching unstable flow and unstable flow state occurs,
the number of lane changes increases linearly. In this section
we show through simulations that the same behavior also
occurs in real roads topology. Fig. 14 and Fig. 15 show the
number of lane changes for different parameters’ values and
different percentages of autonomous/manually driven vehicles,
respectively. The analysis was made by varying the number of
vehicles involved, i.e. the number of vehicles injected into the
network per hour, in accordance with the flow data collected
by Trafikverket in the roads where the detector loops have
been placed. By comparing different parameter’s values for the
apparentDecel of AVs (A AD) we observe that the number of
lane changes increases quadratically as the number of vehicles
increases, please see Fig. 14 (top) for the comparison between
A AD = 4 and A AD = 6 in 50%AV mixed traffic and
Fig. 15 (top and middle) for a comparison between different
percolations of AV (A AD = 4 on the left and A AD = 6
on the right). Moreover, in the histograms of Fig. 14 and Fig.
15 it is shown that the vehicles that mostly change lanes
are AVs, for all the parameters examined. This is due to
lcStrategic parameter, which for AVs is considerably higher
than the values of MVs, Tab.I. The number of overtaking by
MVs is greater when A AD = 4, while the least amount of
total overtaking is achieved when both vehicles have apparent
deceleration parameter equal to 6. When both populations (AV
and MV) need to overtake less means that both vehicles are
more satisfied with the speed of their lead vehicle, whether
they are autonomous or manual, and that therefore this result
allows us to identify the best, in terms of efficiency given
by fewer lane changes, apparentDecel’s values even when we
don’t consider the type of lead vehicle. In Fig. 15 we compare
the number of lane changes for different percentages of AVs.
The increase is initially quadratic for all the percentages
analyzed, and then becomes linear, exactly as observed in
[9]. However, unlike on straight roads, by inserting a more
complex topology, we note that the breaking point (i.e. when
the increase changes from quadratic to linear) depends on
AV’s percentage considered. As one can see in Fig. 15 (top
and middle), the higher the percentage of AVs, the higher the
breaking point.

Fig. 14: Number of lane changes in simulations with different
parameters’ values. Top: number of lane changes as the
number of vehicles varies. Middle and bottom: relative density
(middle) and number of lane changes (bottom) for each type
of vehicle (truck, AV and MV) for different values of the
apparentDecel of MV (M AD) and AV (A AD).

C. Results about conflicts

In this subsection we investigate the number of conflicts
for the same parameters and percentages of AV as in the
previous subsection. In order to detect the conflicts between
vehicles, we have placed an SSM device (Safety Surrogate
Measures) on 1% of the vehicles injected. The SUMO conflicts
are detected when one of the following conditions occurs:
TTC lower than 3.0[s], DRAC greater than 3.0[m/s2], PET
lower than 2.0[s], maximum brake greater than 0.0[m/s2],
SGAP lower than 0.2[m] and TGAP lower than 0.5[s]. For
more details about SSM device, readers are referred to [19].
However, as in [9], we will focus on conflicts (those identified
as conflicts by SSM) and on conflicts in which uncomfortable
braking occur, i.e. brakes greater than 4m/s2 and 6m/s2 for
MVs and AVs, respectively. Fig.16 (top) showed the number
of conflicts detected (which we expect to be 1/100 of the real
ones) for a mixed population consisting of trucks and cars,
and the cars are composed of 50% of AVs, 50% of MVs,
for different apparentDecel’s values, as the hours of the day
vary. In the same figure we also represent the total number of
vehicles during the daily simulation (gray dashed line). It is
interesting to note that the greatest number of conflicts occurs
when the apparentDecel of AVs and MVs are equal, i.e. when
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Fig. 15: Number of lane changes in simulations with different
percentage of AV. The value of apparentDecel for AVs is set
to 4m/s2 for the left figures and 6m/s2 for the right figures.

one of the two types of vehicle has apparentDecel different
from decel. While, the least number of conflicts occurs when
each vehicle expects the lead vehicle to behave as itself, i.e.
when A AD equals the AV’s decel and M AD equals the
MV’s decel. Fig. 16 (bottom) shows the number of conflicts

Fig. 16: Conflicts in a 50% AV and 50% MV population for
different values of the apparentDecel parameter. Top: number
of conflicts as daily hours vary. Bottom: Number of conflicts
that bring to uncomfortable braking.

with uncomfortable braking detected in the 4 simulations. We
observe that fewer uncomfortable brakings, as well as number
of lane changes, are resulted for apparentDecel’s values equal
to the decel’s values. Therefore, we will consider these values
from here on. Tab. III shows the number of conflicts with
varying AV percentages. Unlike what was observed in [9],
the flows closely homogeneous (low AV percentages or low
MV percentages) do not lead to a decrease in conflicts. In
fact, in our simulations we note that for high flows we get
the greatest number of conflicts for high AVs’ percentages.
However, when flows are low, high percentages of AV bring
less conflict. We also observe that the number of conflicts
grows more when the transition is from a low flow to a higher
flow compared to the transition from high flow to a lower
flow. For example, from 8am to 9am the flow is greater than
the flow from 6am to 7am, however the number of conflicts
is greater in the second case than in the first one, for all the
percentages of AV analyzed. We can therefore deduce that the
more complex topology and the change in traffic flow lead to
different results. We therefore investigate what is the cause of
an increase in the number of conflicts. Through simulations
with the different values of the AV parameters introduced in
this work, we have identified lcStrategic as the parameter that
most affects the increase in conflicts. From Fig.17, we can

TABLE III: Number of conflicts in simulations with different
percentage of AV. apparentDecel’s values equal to the decel’s
values.

Hour Number of vehicles Number of conflicts
0% 20% 50% 80% 100%

2-3 213 0 0 1 2 1
1-2 222 1 0 0 0 0
3-4 233 0 1 0 0 1
0-1 347 0 0 0 1 0
4-5 487 0 0 2 1 1

23-0 534 0 1 2 1 4
22-23 881 0 0 0 1 1
21-22 1451 0 1 1 0 0
20-21 2213 2 3 7 0 1

5-6 2319 0 1 2 1 0
19-20 2896 0 0 0 0 0
18-19 4109 1 2 0 2 0
10-11 4173 0 5 1 0 0
11-12 4389 2 0 3 1 0
9-10 4580 0 4 4 1 0
13-14 4588 1 0 0 3 0
14-15 4992 6 0 1 0 1
12-13 4774 3 3 0 3 0
17-18 5260 0 0 0 1 0
16-17 5784 0 4 3 0 0
15-16 5892 0 4 2 2 0

6-7 7401 9 5 7 30 58
8-9 7465 8 4 0 4 16
7-8 8415 19 43 68 103 137
Tot. 83618 52 81 104 157 221

note that for high lcStrategics (equal to 10 and 7) the higher
the percentage of AVs, the greater the number of conflicts
that occur. However, as the value of lcStrategics decreases the
number of conflicts is reduced: with lcStrategics equal to 5, the
combination in which the least conflicts occur is 50% of AVs,
while for lcStrategics equal to 1 the best combination turns
out to be 80% of AVs. From these results it seems safer to
set the AVs’ lcStrategic which decreases when the percentage
of AVs on the roads increases. By placing the Driver State
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Fig. 17: Number of conflicts in simulations with different
percentage of AV and values of lcStrategic.

Device on each vehicle we obtain similar results and the same
trend. If all vehicles have the same lcStrategic’s value, i.e.
the same eagerness for performing strategic lane changing,
they will try to do the manoeuvres at the same time and
therefore create very dense and unsafe zones in the roads.
Hence, a possible solution is to generate the lcStrategic’s
values from a normal distribution. Actually, this assumption
is reasonable, in fact not all AVs will be identical (different
car manufacturers) and will have the same perceptions with
respect to the strategy to be adopted. However, by generating
lcStrategic with mean in 1,3,5,7, and 10 and variance 1 we
have noticed a decrease in the number of conflicts only for
low AV percentages and an increase in the number of conflicts
when the percentages are higher, an example is shown in
Fig.18. From these observations we can deduce that low
lcStrategic values guarantee an overall reduction in the number
of conflicts, however constant lcStrategic values allow a better
interaction between AVs and low percentages of MVs, while in
mixed traffic with higher percentages of MVs it is safer to have
AVs with non-constant lcStrategic. It is also interesting to note
that for scenarios totally consisting of only AVs (and trucks)
the number of conflicts does not vary regardless if lcStartegic
is constant or not. A further parameter that distinguishes the

Fig. 18: Number of conflicts in simulations with different
percentage of AV and values of lcStrategic.

two types of vehicle is decel, i.e. the maximum deceleration
as comfort braking. In MVs, decel is normally distributed
around average of 4, in AVs it is fixed at 6. In reality, this
parameter has effects not only on the driving style, but also
on the safety and interaction with the vehicles that follow it.
In fact, a vehicle that performs rapid braking requires greater
attention to the vehicles that follow it. We therefore replaced
the decel of AVs with the fixed value of 4 and compared
the simulations with the default parameter simulations (see

Fig.19). We could expect a vehicle with lower deceleration

Fig. 19: Number of conflicts in simulations with different
percentage of AV and values of lcStrategic for AV’s decel
set to 4.

to start decelerating earlier, however, in the Krauss model,
the decel value only saying what the driver of that car would
prefer as a normal deceleration. Therefore, it is clear that an
ego vehicle, with g(t) < vlead(t)τr (in Eq.1), approaches the
lead vehicle with higher speed if it has low decel value. This
observation justifies the increase in conflicts for AV’s decel
equal to 4 shown in Fig.19.

V. DISCUSSION AND FUTURE OUTLOOK

In this work, we have studied the impact that a future
increasing number of AVs will have on safety and efficiency
on real roads. For this purpose, firstly, we represented the big
scenario of a portion of the city of Gothenburg in 2002 and
2019, the daily traffic flows and calibrated parameters of the
MVs. Secondly, in order to include AVs, by starting from the
parameters’ values proposed in the literature, we have analyzed
several values and the effects during interactions with MVs.
We have shown that, as in the ideal case of a straight road, even
for complex topologies, in reasonably stable traffic conditions,
the number of lane changes increases quadratically as the
number of vehicles on the road increases. The number of
conflicts also increases as the number of vehicles increases.
However, we have shown that although AVs improve the
efficiency in terms of the number of lane changes of the
road, they significantly increase the number of conflicts for
high flow. The parameters that most influence these results
are tau regarding the efficiency, and lcStrategic and decel
regarding the safety. Moreover, lower reaction times, tau,
allow higher vehicle speeds, and the fundamental diagram
shows higher flows as the percentage of AVs increases. This
observation is also confirmed by the number of lane changes.
In fact, for low vehicles’ densities, the lower the percentage
of AVs, the greater the number of lane changes, while for
high vehicles’ densities, the greater the percentage of AVs,
the greater the number of lane changes. On the one hand,
this aspect highlights the “dissatisfaction” of MVs, which in
conditions of reasonably free flow overtake more, on the other,
a greater percentage of AVs is congested with higher densities.
We also showed that high lcStrategic and low decel values
reduce safety in terms of the number of conflicts. Therefore,
if it is reasonable and safe to set greater decel’s values in
AVs, the same cannot be said for the lane change strategy. A
possible improvement in the SUMO model, and also in the
implementation of the real maneuvering strategies of the AVs,
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can therefore be to study a model for lane change strategy
that improves safety. Considering that it is difficult for any
vehicle to know whether it can expect that the lead vehicle
will decelerate like AVs or like MVs, the easiest would be for
a vehicle to expect the lead vehicle to behave like it does.
To reach the ideal case, it is important to make the lead
vehicle’s strategies recognisable or somehow communicated
to the vehicle that follows it.
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[5] E. Bjärkvik, F. Fürer, M. Pourabdollah, and B. Lindenberg, “Simulation
and characterisation of traffic on drive me route around gothenburg
using sumo,” in SUMO 2017 Towards Simulation for Autonomous
Mobility, ser. Berichte aus dem DLR-Institut für Verkehrssystemtechnik,
K. Lemmer, Ed., vol. 31. DLR, May 2017. [Online]. Available:
https://elib.dlr.de/118438/

[6] Treiber, Hennecke, and Helbing, “Congested traffic states in empirical
observations and microscopic simulations,” Physical review. E, Statisti-
cal physics, plasmas, fluids, and related interdisciplinary topics, vol. 62
2 Pt A, pp. 1805–24, 2000.

[7] S. Krauß, “Microscopic modeling of traffic flow: Investigation of
collision free vehicle dynamics,” Ph.D. dissertation, 1998. [Online].
Available: http://e-archive.informatik.uni-koeln.de/319/

[8] Fredrik Nilsson, “Simulation-based Analysis of Partially Au-
tomated Vehicular Networks. A Parametric Analysis Utilizing
Traffic Simulation,” Master’s thesis, Chalmers University of
Technology, Gothenburg, Sweden, 2019. [Online]. Available:
https://odr.chalmers.se/bitstream/20.500.12380/257205/1/257205.pdf

[9] E. Andreotti, P. Boyraz, and Selpi, “Safety-centred analysis of tran-
sition stages to traffic with fully autonomous vehicles,” in IEEE Int.
Conf. on Intelligent Transportation Systems, Rhodes, Greece, 2020, ser.
ITSC2020, 2020.

[10] M. Treiber and A. Kesting, Traffic Flow Dynamics. Springer Berlin
Heidelberg, 2013.

[11] “Induction Loop Detectors (E1),” Ac-
cessed on 17.09.2020. [Online]. Available:
https://sumo.dlr.de/docs/Simulation/Output/Induction Loops Detectors (E1).html

[12] V. L. Knoop, S. P. Hoogendoorn, and H. J. van Zuylen, “Empirical
differences between time mean speed and space mean speed,” 2009.

[13] E. Andreotti, P. Boyraz, and Selpi, “Mathematical definitions of scene
and scenario for analysis of automated driving systems in mixed-traffic
simulations,” IEEE Transactions on Intelligent Vehicles, 2020.

[14] “Statistik databasen,” Accessed on 17.09.2020. [Online]. Available:
http://www.statistikdatabasen.scb.se/

[15] N. J. Garber, Traffic and highway engineering / Nicholas J. Garber,
Lester A. Hoel., 3rd ed. Pacific Grove, Calif.: Brooks/Cole, 2002.

[16] M. J. Cassidy, C. F. Daganzo, K. Jang, and K. Chung, “Spatiotemporal
effects of segregating different vehicle classes on separate lanes,” in
Transportation and Traffic Theory 2009: Golden Jubilee, L. H. Lam W.,
Wong S., Ed. Springer, Boston, MA., June 2009, pp. 57–74.

[17] Z. Zheng, S. Ahn, D. Chen, and J. Laval, “Freeway traffic
oscillations: Microscopic analysis of formations and propagations using
Wavelet Transform,” Transportation Research Part B: Methodological,
vol. 45, no. 9, pp. 1378–1388, 2011. [Online]. Available:
https://ideas.repec.org/a/eee/transb/v45y2011i9p1378-1388.html

[18] L. Aarts and I. van Schagen, “Driving speed and the risk of road crashes:
A review,” Accident Analysis Prevention, vol. 38, no. 2, pp. 215 – 224,
2006.

[19] “Safety Surrogate Measures device,” Ac-
cessed on 17.09.2020. [Online]. Available:
https://sumo.dlr.de/docs/Simulation/Output/SSM Device.html

Eleonora Andreotti received BSc and MSc de-
grees in Mathematics from University of Ferrara and
Bologna, respectively, and her PhD in Mathematics
from University of L’Aquila in 2018. After being
a visiting student at the Max Planck Insitute for
Mathematics in the Sciences of Leipzig from 2017
to 2018 she won a fellowship for a post-doctoral
research at the University of Turin in 2018. Cur-
rently she is a post-doctoral researcher in Vehicle
Safety Division of Mechanics and Maritime Sciences
Department at Chalmers University of Technology.

Her research activity concerns mathematical modelling, static and dynamical
complex systems and spectral graph theory and partitioning.

Selpi received a PhD degree in computing from
the Robert Gordon University in the UK in 2008,
an MSc degree in bioinformatics from Chalmers
University of Technology in Sweden in 2004, and
a BSc degree in computer science from the Uni-
versity of Indonesia in 2000. She currently works
at Chalmers University of Technology. Her current
research interest is on understanding how mixed
traffic, with vehicles with different driving styles and
automation levels sharing the same roads, affects
traffic safety and efficiency. She is also interested

in applications of machine learning and data mining for transport domain
(e.g., understanding driving styles/driver behaviour from naturalistic driving
data, travel time and traffic volume predictions, text-mining for text data in
transport). Beside academic work, she has several years of experiences in
software industry. Dr. Selpi is a member of the IEEE Intelligent Transportation
Systems Society’s technical committee on Naturalistic Driving Data Analytics.
She has served as a reviewer and an associate editor for several IEEE
conferences.

Pinar Boyraz (M’ 2009, SM’ 2019) received
double-major BSc. degrees in mechanical and tex-
tile engineering from Istanbul Technical University
(ITU), TR in 2003-2004 and her PhD in Mecha-
tronics from Wolfson School of Mechanical and
Manufacturing Engineering, Loughborough Univer-
sity, UK in 2008. She worked as a Post-doctoral
RA in the Erik Jonsson School of Engineering and
Computer Science, University of Texas at Dallas,
in U.S.A. during 2008-2010, focusing on driver
behavior modeling and active safety system devel-

opment. She was an Assist. Prof. during 2010-2014 and an Assoc. Prof.
during 2014-2018 in Mechanical Engineering Dept. of ITU, TR, conducting
research in applied robotics. She was awarded by Alexander von Humboldt
Foundation with Experienced Researcher Fellowship during her project in
applied robotics at Leibniz University of Hannover, Germany in 2016-17.
Since March 2018, she works as an Assoc. Prof. at Mechanics and Maritime
Sciences Dept. of Chalmers University of Technology, Gothenburg, Sweden.
Her research interests broadly include applications of mathematical modelling,
mechatronics, signal processing and control theory.


