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Abstract—Understanding human driving behavior is crucial
to develop autonomous vehicles’ algorithms. However, most low
level automation, such as the one in advanced driving assistance
systems (ADAS), is based on objective safety measures, which
are not always aligned with what the drivers perceive as safe
and their correspondent driving behavior. Finding the bridge
between the subjective perception and objective safety measures
has been analyzed in this paper focusing specifically on lane-
change scenarios. Results showed statistically significant differ-
ences between what is perceived as safe by drivers and objective
metrics depending on the specific maneuver and location of
drivers.

I. INTRODUCTION

Augmenting road safety is among others one of the objec-
tives of autonomous vehicles (AVs). This is due to the fact
that more than 90% of traffic accidents can be traced back
to human errors and replacing human drivers by automation
is expected to cause fewer traffic-related injuries [1l], (cited
in [2]). Driver’s inattention, as well as decision errors that are
for example the consequence of a wrong traffic environment
perception can jeopardize safety.

In this context, the subjective perception of the possibility
of harm may relate to the risk of being involved in a traffic
accident. Factors related to the state of the driver that might
augment the probability of a road risk can be measured by
comparing them with standard physiological and workload
metrics [3]. An objective assessment of traffic safety on the
other hand can be achieved by using vehicle-related parameters
such as distance to other vehicles in the vicinity.

We address safety in this paper by focusing on different met-
rics obtained from a lane-change maneuver after performing
an overtaking maneuver, in a highway scenario. We argue that
a situation that a driver perceives as safe (subjective safety,
expressed in the road by a distance to the vehicle ahead or
behind) varies depending on whether the vehicle being driven
is a leading (LV) or a following vehicle (FV).

Under the assumption that lane-change maneuvers are only
being performed if the driver assesses the situation as safe, it
is imperative to investigate traffic situations after an overtaking
maneuver has been performed and lane-changes can occur
safely for two isolated vehicles. Further we compare those
results with lane-changes that occur in other road situations to
find out if a different applicable safety index should be part
of AV algorithms. As autonomous vehicles are expected to
display human-like behavior, at least to the extent that their
decisions are being understood by other road users [4]], such
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an index could also reflect what human drivers perceive as
safe.

A related topic is driving behavior classification in safe,
normal and aggressive, depending on acceleration and speed
parameters [5)]. In this sense, a “courteous” behavior from
the side of the AV could contribute to be perceived as more
human-like [6].

The remaining parts of this paper are organized as follows:
the following section describes related work. Section |I1I] de-
scribes the applied methodology including the studied lane-
change scenarios, the dataset utilized for this study, the de-
scription of the safety measures, and the applied statistical
analysis. The results from the analysis are presented in sec-
tion and the section [V] concludes the work and outlines
future research.

II. RELATED WORK

Both subjective and objective traffic safety have been
heavily researched topics, though mostly separately. Surveys
connecting subjective safety with accident reports [7]], road
conditions and driving behavior [8]] differ strongly from most
papers regarding objective safety measures such as [9]], both
in scope and methodology.

Subjective safety analysis has been typically performed
focusing on surveys that described the type of behavior or
infrastructure that affected traffic accidents. Not wearing a
seat-belt, distracted driving behavior such as using a phone,
driving over the speed limit, but also road conditions, traffic
signals and low road visibility are common factors that were
mentioned to be addressed by policy makers.

On the other hand, objective safety measures based on
standard metrics are used objectively to evaluate the safety
of infrastructure or ADAS.

Fewer research articles have combined both safety aspects.
For example, the authors in [3] combined individual subjective
safety with large-scale objective safety parameters while the
authors in [[10] compared acceleration and deceleration of
vehicles, analyzing indirectly metrics that resulted from a
perceived, subjective safety estimation, to be compared with
objective safety metrics that indicated a minimum risk. For
example, an ADAS based on Time To Collision (TTC),
a frequently used objective-safety measure, is supposed to
decelerate earlier and more frequently in the case its velocity
exceeds the velocity of the vehicle ahead. The observed
human behavior differed in many cases from the acceleration
and deceleration patterns that were implemented as standard
measures in ADAS.
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Fig. 1: Overtaking as defined for this paper. The vehicle V1
(red) passes the vehicle V2 (blue) on the left adjacent lane.

(a) Beginning (b) End

Fig. 2: 1st type of lane change. The vehicle V1 (red) changes
lane in front of the vehicle V2 (blue) to the right adjacent
lane.

In the related literature objective safety has been investi-
gated without consideration of driver perception characteristics
that can be due to different vehicle positions in traffic lanes.
We contribute in this paper to the body of knowledge by
addressing lane changes maneuvers after an overtaking in
order to find out if a safety index should be incorporated to
autonomous vehicles algorithms. To the best of our knowledge
such an approach has not been followed in previous research.

III. APPLIED METHODOLOGY
A. Lane change scenario

We selected a scenario that consisted of a lane-change
performed after an overtaking situation and extracted the
independent variables that affect safety.

Overtaking in this paper is defined by a vehicle (V1)
with relatively higher speed surpassing another vehicle (V2)
by using the left adjacent lane. The maneuver is visualized
in Figure [l We only considered interaction between cars
with similar sizes. The exact size of the vehicle should not
noticeably influence the scenario unless it implies a different
driving behavior, such as the different stopping distance of a
truck. Following the overtaking maneuver the following two
lane-changes are possible:

1) VI changes lanes to its right, in front of V2, see Figure

2) V2 changes lanes to its left, behind V1, see Figure El

In the first case 1), the driver in V1 estimates the distance or
duration between the front part of the following vehicle V2.
In the second case, the driver of V2 estimates the headway
between V2 and V1. Since no other vehicles are in the
immediate vicinity, the only safety issue to take into account
is a potential collision between the two involved vehicles.

(a) Beginning (b) End

Fig. 3: 2nd type of lane change. The V2 (blue) changes lane
behind the vehicle V1 (red) to the left adjacent lane.

(a) Beginning (b) End

Fig. 4: Lane change in between two vehicles. The vehicle E
(yellow) changes lane behind the leading vehicle LV (grey)
and in front of the following vehicle FV (green). Note that
the lane change can also occur to the right adjacent lane of
vehicle E, thought the image is omitted here.

We additionally considered a further scenario, in which a
vehicle (E) changed lanes in between two others, a faster
leading vehicle (LV) and a slower following vehicle (FV). In
those situations, the driver of E estimates the ratio between
both distances. However, this type of traffic situations is more
difficult to categorize as subjectively safe, since the number
of independent variables that affect safety is much higher than
in the previously described scenario. The traffic situation can
be seen in Figure [

B. HighD dataset

The scenarios studied in this paper were extracted from the
HighD dataset [[11], which includes trajectories of cars and
trucks on German highways that were recorded by a drone
over a total of 16.5 h. One of the recorded highway sections is
shown in Figure[5] Trucks were not considered in our scenario,
thus any interaction with them was excluded. Other individual
differences between vehicles which could have influenced the
scenario, such as the warning lights on a vehicle or a student
driver, could not be accessed within this dataset and thus
were not taken into consideration. However, the rarity of those
events should not have influenced the quantitative results.

Extracting interactions between only cars and excluding all
situations with nearby surrounding traffic (where the Time
Headway (TH) was below 2 s), resulted in a total of 1546 lane
change situations for the first scenario, namely lane changing
after overtaking. Other overtaking maneuvers such as the one
shown in Figure [T] were not analyzed due to the lack of data.

Of the 1546 lane changes, the FV changed lanes in 832
situations (Figure [3) whereas the LV changed lanes in 714
(Figure [2). The beginning of the lane changing maneuver was
set when the acting vehicle began crossing the lane boundaries.
At that moment in time, it is a reasonable assumption that
the distance and the surrogate safety measures (see following
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Fig. 5: Visualization of how the HighD dataset was recorded.

section) would correspond to a safe situation for the acting
vehicle. Nonetheless, due to the limited length of the recorded
highway sections (around 420 m), it was not possible to
exclude the existence of unknown factors influencing the
trajectories.

For the second scenario the estimation of potentially unsafe
situations was more challenging as a higher traffic density
and therefore more variables affected the outcome. The 316
traffic situations were compared to the overtaking scenarios by
filtering situations in which the Time Headway between FV
and E and between E and LV were below 1 [s] at the beginning
of the lane change, as defined previously. Larger TH indicated
a lack of interaction between the participants and were thus
ignored.

Most traffic situations in the second scenario corresponded
exactly to Figure [4] were E changed to its left adjacent lane.
Changes to the right adjacent lane were typically coupled with
a slower LV and faster FV and thus not considered in this

paper.

C. Safety Measures

Since subjective safety depends on several factors such as
experience, emotions, cognitive load, etc [12], a quantifiable
measurement based on Surrogate Safety Measures (SSMs) is
more reliable to estimate traffic safety. In this case SSMs
use distance, velocity etc., to assign a numerical value to a
specific traffic situation. Traffic control techniques use
these values and empirically establish thresholds to determine
whether traffic situations are safe or not and have been shown
to successfully extrapolate traffic safety to accident rate.

Two SSMs were chosen for an objective safety assessment,
Time Headway (TH) and Potential Index for Collision with
Urgent Deceleration (PICUD) (see equations (1) and (2)). Both
are well suited for lane-change and car-following situations,
the former describes the time it takes the following vehicle
(FV) to pass the position of the leading vehicle (LV) whereas
the latter describes the distance between the two vehicles
should both the LV and FV decelerate to a full stop. PICUD

values less than or equal to 0 m characterize a traffic situation
as potentially dangerous, for TH typical thresholds are around

1 [s] [9].

A
TH = Vva (1)

Viy —Viy
PICUD:T"'AX_VFVAta (2)

where vyy and vpy are the velocity of the LV and FV
respectively, A, is the distance between them, a = 3.3[m/s?]
is the sudden deceleration rate of both vehicles and A; = 1]s]
is the reaction time of the following vehicle.

Other SSMs for car-following scenarios, such as Time
To Collision (TTC) or Deceleration Rate To Avoid Crash
(DRAC), were not relevant for this paper since V1 in the
dataset was always faster than the V2 and thus the vehicles
were not on a collision course.

D. Statistical Methods

To compare the two different lane change situations, a
Kolmogorov-Smirnov 2 sample test was used. The non para-
metric test can be used to test whether the underlying distri-
butions of empirical data differ. We used a 95% confidence
level to test if the underlying distributions were identical (null
hypothesis). Based on the results of the Kolmogorov-Smirnov
test a Spearman R test was used to further investigate potential
differences and measure the dependency between variables
describing the traffic situation. As in the previous test, we also
chose a 95% confidence level to test whether an uncorrelated
system could have Spearman coefficients at least as high as
the test results of the dataset. Spearman was selected because
the resulting correlation coefficients are not limited to linear
ones and is also a non parametric test.

IV. RESULTS

For lane change after overtaking we calculated TH and
PICUD as well as the distance and speed difference for V1
and V2 at the beginning of the lane change maneuver. The
histogram, normalized to probability, of the two SSMs is
shown in Figure [] with the continuous red line representing
lane changes of V1 and the dotted blue line the lane changes
of V2.

For both SSMs, but in particular TH, lane changes of V2
begin at lower values, thus showing a riskier situation between
V1 and V2. This is also visible in the histogram of the distance
between the two vehicles, shown in Figure m

On the other hand, the velocities (Figure[7) and the absolute
velocity of V1 and V2, shown in Figure [8] do not differ
substantially between both types of lane change.

This can be seen in more detail in Table [, where the
means of the aforementioned measures and velocities are
shown. The means of TH, PICUD and the distance differ
substantially depending on the lane change type, whereas the
other values, which are not strictly safety related, do not.
Having removed external influences, these results indicate that
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Fig. 6: Histogram of TH and PICUD for V1(red, -) and V2
(blue, -) changing lane, normalized to probability. For both
SSMs V2 changing lanes occurs at lower values, representing
a riskier situation.
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Fig. 7: Histogram of Ax, the distance between V1 and V2, and
Av,the speed difference between V1 and V2, for Vl(red, -)
and V2 (blue, -) changing lane, normalized to probability. The
distance when V2 changes lane is significantly lower than for
V1, though the speed difference shows a similar distribution
in both lane change types.

there is a substantial difference in the traffic situations that the
drivers in V1 and V2 perceive as safe.

The results from the Kolmogorov-Smirnov 2 sample test
(Table also indicated a statistically significant difference
for objective safety parameters between situations where V1
or V2 changed lanes. The initial traffic situation, i.e. distance
and speed of the vehicles, also differed significantly, with the
exception for the velocity of V2. However, the correlation
between vy, and objective safety metrics was both weak and
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Fig. 8: Histogram of vy,velocity of V1, and vy», velocity of
V2, for Vl1(red, -) and V2 (blue, -) changing lane, normalized
to probability. In both lane change types the distributions
appear to be similar.

TABLE I: Means of the parameters at the beginning of either
lane-change scenarios

Metric V2 lane-change [V1 lane-change
TH [s] 0.375 0.616
PICUD [m] | 30.775 50.345
Ax [m] 10.734 17.265
Av [m/s] 5.062 6.361
vyo [m/s] 28.970 28.879
vy [m/s] 34.031 35.240

partially not significant, as can be seen in Table [lII| and Table
In general it only seems to influence velocity of VI,
necessary since V1 has overtaken V2, and thus the lack of
difference according to the Kolmogorov-Smirnov 2 sample
test does not indicate that the two lane-changing situations do
not statistically differ significantly from each other. Note that
the correlation was calculated for all lane-change maneuvers,
though the results do not change significantly when split up
by type of lane-change.

Summarizing, the probability of the data originating from
the same distribution was not statistically significant according
to nearly all metrics, rejecting thus the previously defined null
hypothesis. The only exception was the distribution of vy,. In
this case, the hypothesis was accepted.

Though finding the reason for the discrepancy of safety
perception is not topic of this paper, it is necessary to mention
that the distortion of the perception of distance might be due
to technical reasons. A study [[14] of distance perception with
convex mirrors (as most side mirrors are) showed how distance
was indeed estimated incorrectly, though not to the extent the
distance between V1 and V2 differed according to type of lane
change.

For the second scenario, lane change in between two ve-
hicles, we calculated the same safety measures. Furthermore,



TABLE II: Kolmogorov-Smirnov 2 sample test results. K is
the direct result, P is the probability with which two samples
of the two distributions would originate from the same.

Metric K P

TH 0.375 2264 -10°%
PICUD | 0.309 1430 -107%
Ax 0.391 2231 -107%
Av 0.252 2353 10790
W2 0.052 0.270

Wi 0.176 4358 1010

TABLE III: Spearman R correlation for parameters at the
beginning of the lane-change.

Metric |TH PICUD |Ax Av w2 vy 1

TH 1.000 0.607 0.966 0.398 |-0.171 0.087
PICUD| 0.607 1.000 0.617 0.946 |-0.087 0.456
Ax 0.966 0.617 1.000 0.376 0.032 0.255
Av 0.398 0.946 0.376 1.000 0.195 0.378
V2 —0.171  0.087 0.032 -0.195 1.000 0.788
VW1 0.087 0.456 0.255 0.378 0.788 1.000

we used the ratio between the safety measure to LV and FV
to check whether we obtained similar results.
The ratios were defined as depicted in (3) and (4).

THry

) ©)]
THyy
where THpy is the TH between FV and E and THjy is the
TH between E and LV. And

A

TH,uio =

— ZXFv 4
Xratio AxLV ’ ( )
where A,,, is the distance between FV and E and A, is

the distance between E and LV. The histogram of both ratios,
normalized to probability, is shown in Figure [9] with the
mean values shown in Table(V). On average, and even when
eliminating outliers (largest 1%), the TH and distance between
E and LV are significantly smaller than between FV and E.
This coincides with the previous observations, where a larger
safe distance was kept when changing lane in front of V2 than
behind V1.

For PICUD a similar approach did not work, since it can
be positive or negative, thus a 2-dimensional histogram was
used, as shown in Figure

Interestingly, the values showed an opposite situation than
TH or distance, and contradicted thus the results from the first
scenario. According to PICUD the lane changes occurred in a
safer traffic situation with respect to LV than FV.

A large difference between both scenarios could be appreci-
ated in the direction of the lane changes. For the lane change
after overtaking, V1 always changed to its right adjacent lane
whereas V2 always changed to its left lane. The data from the
dataset showed that for the scenario where the lane change
occurred in between two vehicles, most lane changes occurred
to the left adjacent lane. This was due to the selection of
lane changes where the leading vehicle was faster than E

TABLE IV: Spearman R correlation significance test of pa-
rameters at the beginning of the lane-change. A value below
0.05 means the correlation is significant.

Metric TH PICUD Ax Av vy2 vy
TH 0 0 0 0 0 0.005
PICUD 0 0 0 0 0.005 0
Ax 0 0 0 0 0.308 0
Av 0 0 0 0 0 0
vy2 0 0.005 0.308 0 0 0
VWi 0.005 0 0 0 0 0
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Fig. 9: Histogram of distance and TH ratios for the lane change
in between two vehicles, normalized to probability.

and the following vehicle was slower. Obtaining the statistical
significance of this difference was not possible due to a lack of
data. Also, the influence of surrounding vehicles in the second
scenario was much higher than in the first one, in which the
traffic was much less dense.

Therefore, while it is reasonable to claim that subjective
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Fig. 10: 2-dimensional histogram of the PICUD values be-
tween FV and E (PICUDpy) and E and LV (PICUDyy),
normalized to probability.



TABLE V: Means of the ratios at the beginning the lane
change for both all scenarios and removing outliers.

Metric | Ratio (all) [Ratio (no outliers)
TH 3.652 3.217
Ay 4.007 3.538

safety has a road orientation component when compared to
SSMs, the extent of it and the overall implications as well
as the potential influence of a lateral metric require further
analysis to start building a bridge between subjective safety
and objective safety measures.

V. CONCLUSION

A difference in subjective safety could be determined in this
paper by analyzing overtaking and lane-change situations in a
highway scenario. With equal surrounding conditions a higher
distance and safety thresholds were kept when safety had to
be calculated with respect to the slower following vehicle than
the faster leading vehicle.

A further comparison with lane changes in between vehicles
showed results which were partially in agreement with the
initial results, though not fully. The direction of the lane
change (right or left adjacent lane) could also be an influencing
factor requiring future work and data analyses.

Other unknown factors might also contribute to the discrep-
ancy in some of the results. Therefore, further research will
be performed to achieve conclusions regarding whether or not
an AV should mimic driver behavior.
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