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Abstract
Before highly automated vehicles (HAVs) become part of everyday traffic, their safety has to be proven. The use of human
performance as a benchmark represents a promising approach, but appropriate methods to quantify and compare human
and HAV performance are rare. By adapting the method of constant stimuli, a scenario-based approach to quantify the limit
of (human) performance is developed. The method is applied to a driving simulator study, in which participants are repeatedly confronted with a cut-in manoeuvre on a highway. By systematically manipulating the criticality of the manoeuvre in
terms of time to collision, humans’ collision avoidance performance is measured. The limit of human performance is then
identified by means of logistic regression. The calculated regression curve and its inflection point can be used for direct
comparison of human and HAV performance. Accordingly, the presented approach represents one means by which HAVs’
safety performance could be proven.
Keywords Highly automated vehicles · Automated driving · Proof of safety · Human performance · Driving performance
Abbreviations
ANOVA	Analysis of variance
FOT	Field operational test
HAV	Highly automated vehicle
NDS	Naturalistic driving study
TTC	Time to collision

1 Introduction
Autonomous driving is associated with many potential
advantages, e.g., increased traffic efficiency and safety benefits [1–3]. Highly automated vehicles (HAVs; SAE level
3 or higher [4]) allow the human driver to attend to a task
other than the driving task. But before HAVs become part of
everyday traffic, their safety performance—especially when
confronted with our constantly changing environment—has
to be tested and verified [5, 6]. Following the request that
HAVs should only be released if they are statistically safer
than human drivers made by the German Federal Ministry of
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Transport and Digital Infrastructure [7], human performance
should be used as a benchmark for HAV performance (at
least in Germany). However, appropriate methods to quantify and compare human and HAV performance are rare.
To facilitate HAVs’ safety assessment, this work presents
a scenario-based method to quantify the limit of human
performance, which was developed as part of the project
PEGASUS [6].
This article is structured as follows: in Sect. 2 human
performance is defined, followed by a short summary of
existing approaches to measure human performance (2.1
and 2.2) and an introduction of the approach presented in
this article (2.3). The driving simulator study is described
in Sect. 3 and human performance is quantified in Sect. 4.
Section 5 discusses the results and the presented approach
before drawing conclusions in Sect. 6.

2 Measuring Human Performance
In general, human performance refers to the potential of a
person to successfully perform a task. In case of driving,
the task-capability interface model [8] considers human
performance as a function of the driver’s capability and
the demands of the driving task. If capability excels task
demands, the driver controls the situation. If not, control is
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lost and an accident is highly possible. The driver’s capability results from skills and abilities, and is influenced by
human factors (e.g., emotions, inattention or stress). Task
demands are composed of environmental factors (e.g.,
weather and road conditions), the vehicle and the driving
task itself.
The driving task consists of navigation, guidance and
stabilisation according to the three-level model of the
vehicle driving task [9, 10]. Navigation refers to the planning of an appropriate route, whereas guidance involves
adapting driving behaviour to the course of the road, traffic
conditions and traffic rules. Stabilisation requires drivers
to keep the vehicle in a steady state by, for example, braking and steering. The different subtasks demand different
competences. Depending on the task, drivers regulate their
behaviour based on knowledge, rules or skills [11]. For
example, to stabilise a vehicle, experienced drivers will
mostly regulate their driving behaviour based on highly
automated skills. If driving a vehicle for the first time, stabilisation might be more regulated based on knowledge or
rules. In summary, driving covers various subtasks which
require specific abilities (see Fig. 1). To measure human
performance, task demands have to be defined and human
capability has to be determined.
Human performance in traffic can be studied by analysing accident statistics or driving behaviour in real or
simulated traffic environments. In previous research, measures like collision probability, driving errors and response
times have been used to describe and quantify human
safety performance [12–17].

2.1 Data Acquisition Methods
Accident statistics (e.g., German In-Depth Accident Study
[18]) provide information about the number, severity and
circumstances of traffic accidents and have already been
used to compare human and HAV performance [13, 14].
It was shown that HAVs would have to drive hundreds
of millions of miles without an accident to prove their
superiority in terms of safety—a requirement that seems
impossible prior to release [14].
If accident data are evaluated with regard to the presented task-capability-interface model [8], it becomes
apparent that these data represent cases in which task
demands exceeded human capability. In order to reduce
the amount of data needed, it might be useful to first find
the limit of human performance, i.e. situations in which
task demands slightly exceed human capability, and to
then analyse HAVs’ performance in these situations.
As previously mentioned, driving performance can also
be studied in real traffic or in simulated environments.
For example, naturalistic driving studies (NDS) and field
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Fig. 1  Simplified model of human performance in the project
PEGASUS (top) and relationship between capability (C) and task
demands (D) across different methods (bottom)

operational tests (FOT) represent field studies, in which
everyday driving behaviour is observed over a long period
of time (usually several months, e.g. Refs. [19–22]). Consequently, FOT and NDS data contain a broad range of driving
behaviour in various traffic situations and thus have high
external validity. Accidents and near misses, however, are
very rare. Accordingly, FOT and NDS data mainly include
cases in which capability exceeds task demands.
Simulated environments, which are used in driving simulators or virtual reality studies, on the other hand, allow
to precisely define and control every aspect within a traffic
situation and to repeatedly assess a specific scenario while
driving behaviour is observed. Driving simulator studies can
thus be used to analyse the underlying causal relationships
of accidents and also to systematically approach and assess
the limit of human performance by creating an environment
in which task demands are systematically increased. The
use of the driving simulator, therefore, serves to close the
gap between the recording and description of human performance in uncritical and critical scenarios to the point of
accidents ([23]; see Fig. 1 bottom).
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2.2 Human Performance Measures
Besides choosing an appropriate method, performance has to
be adequately operationalised. Because in many critical traffic situations it is essential to react fast to prevent an accident
[10, 24], response time, i.e. the time from stimulus onset
to response initiation, is used as a measure of performance
[15]. Human response time is influenced by several factors
such as driver expectation, age, cognitive load, and urgency
[25]. Furthermore, Powelleit and Vollrath [15] showed that
response time is highly dependent on situational factors like
road type, driving speed, and stimulus saliency. If the stimulus or the response is not clearly identifiable, response time
cannot be calculated or only imprecisely. This might be the
case if anticipatory driving behaviour is shown. Response
time, therefore, might not always be a sufficient performance indicator and, for example, the type of behaviour,
the strength of the response or the outcome of a behaviour
should be considered as well [15].
Another measure of human performance could be driving errors. Different types of human driving errors have
been defined [26–28]. Graab et al. [29], for example, differentiated between information (access, uptake, processing), goal and action errors, and showed that human drivers mainly commit information related errors, with errors
of information uptake being most prominent (see also [13,
30]). Common causes of information uptake-related errors
include inattention, distraction, drug consumption or fatigue
[29, 31], i.e., purely human factors. It has been shown that
in nowadays traffic the majority of accidents are caused by
human errors, whereas technical errors and environmental
influences (e.g., road or weather conditions) only count for
a small percentage of accidents [17]. HAVs might therefore
significantly increase traffic safety [2], but could also show
other or new types of errors. What is more important: not
every type of error might be equally critical when driving
and not every error, even errors of the same type, might
result in an accident (and might therefore go unnoticed).
Consequently, a certain error rate does not necessarily correspond to the same level of performance.
Since both response times and driving errors might not
always be clearly linked to performance, collision probability, as the ultimate and decisive outcome of a situation, is
used as a measure of human performance in this study. In
the following paragraph, it will be described how the limit
of human performance could be identified based on collision
probability in a driving simulator study.

2.3 The Present Approach
The PEGASUS project focused on the highway chauffeur.
The highway chauffeur, as defined in the PEGASUS project,
is a conditional automated driving function (SAE level 3 [4])

which performs the longitudinal and lateral driving task on
highways within a speed range of 0 to 130 km/h (including lane changes, stop and go traffic jams, and emergency
braking/collision avoidance) and has not to be continuously
monitored by the human driver. Because HAVs could be
exposed to similar traffic conditions as human drivers, in a
first step safety–critical scenarios in nowadays traffic were
identified by analysing accident data. Results were then
complemented by analysing NDS and FOT data to define
the upper and lower performance limits (i.e. cases in which
capability clearly exceeds vs. fails task demands).
Accident data was searched for accidents that might be
prevented by the highway chauffeur and revealed accidents
due to lane-change manoeuvres and rear-end collisions to
be most relevant. Especially cut-in manoeuvres might be
critical for human drivers and HAVs if the lane change is
unexpected or abrupt. In line with that, most lane change
accidents were characterized by a time to collision (TTC;
[32]) of about two seconds or less. In contrast, very few
cases with a TTC of less than two seconds were found in
the NDS/FOT data and none of them ended in an accident
[23, 33].
Based on the findings of the accident and NDS/FOT data
analyses, a driving simulator study was conducted in the
second step to find the limit of human performance when
confronted with a cut-in manoeuvre. To measure human performance in this scenario, task demands were manipulated
by systematically varying the criticality of the manoeuvre.
To assess the limit of human performance, the method of
constant stimuli was adapted [34]. The method of constant
stimuli was implemented by many classical psychophysical experiments to determine thresholds of human sensation
(e.g., [35, 36]) and represents a stimulus–response model:
Participants are repeatedly exposed to stimuli, such as tones,
that vary constantly in their intensity, such as volume. Participants are asked to respond when they have perceived
the stimulus. The threshold is then defined as the volume at
which the probability of having heard it is 50%. In terms of
the present driving simulator experiment, the stimulus was
the cut-in manoeuvre. Stimulus “intensity” was represented
by the manoeuvre’s criticality, which was operationalised
by TTC. Drivers responded by avoiding a collision or not.
In line with the method of constant stimuli, the “threshold”
of human performance was then defined by the criticality,
i.e., TTC, at which 50% of drivers failed to avoid a collision.
By letting HAVs drive the identical set of scenarios, either
within simulation, on a proving ground or during real-world
drives, their performance can be estimated in the same manner, so that, finally, the limits of HAV and human performance can be compared.
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3 Driving Simulator Study
3.1 Participants
Fifty-two volunteers (30 males, 22 females) aged from 20
to 76 years (mean (M) = 44.36 years, standard deviation
(SD) = 19.1 years) participated in the study. Participants
were recruited from the participant database of the Institute of Transportation Systems at the German Aerospace
Center. All participants were required to hold a valid driving
license. The majority of participants reported driving daily
(n = 30, 57.7%), whereas the minority reported to drive on
workdays (n = 5, 9.6%), once or twice a week (n = 5, 9.6%),
once or twice a month (n = 7, 13.5%) or less than once a
month (n = 5, 9.6%). The annual mileage was reported
to be low (less than 9,000 km/year) by 53.8% (n = 28) of
the participants, 28.8% (n = 15) reported driving between
9,000 and 20,000 km/year, 15.4% (n = 8) between 20,000
and 30,000 km/year, and only 1.9% (n = 1) reported driving more than 30,000 km/year. With regard to age, gender
and annual mileage, the sample roughly corresponds to the
population of German car drivers. The study protocol was
conducted in accordance with the ethical standards of the
Declaration of Helsinki.

3.2 Simulator Set‑Up
The study was accomplished in the dynamic driving simulator of the Institute of Transportation Systems at the German Aerospace Center in Braunschweig, Germany, in combination with the SimCar. The environment was simulated
using a 270°-back-projection visualization with a resolution
of 1400 × 2100 for each 30° projection angle (18 projectors in total). The SimCar is a converted passenger car with
a real operational interface (including steering wheel, gas
and brake pedals). Instrument panel and side mirrors were
replaced by displays. To enable observation of rear traffic, a
LCD-display was placed on the back seats, which was visible through the rear mirror. The cars’ speakers transmitted
the engine and traffic sounds. Motion simulation was inactive in the present study.

3.3 Driving Scenario
The scenario was a cut-in manoeuvre on a straight twolane highway with a speed limit of 130 km/h (lane
width = 3.56 m; see Fig. 2 for a simplified visualization of
the scenario). In every trial, participants’ ego vehicle (blue
vehicle in Fig. 2) was placed on the left lane (ego lane) with
a speed of 130 km/h (“flying start”). On the right lane, a
platoon of passenger cars and trucks was driving with a constant speed of 80 km/h and distances of 10 to 50 m between
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vehicles. In every trial, one of the platoon’s passenger cars
(target vehicle; orange vehicle in Fig. 2) abruptly changed
from the right to the ego lane and cut in in front of the ego
vehicle. The dynamics of the target vehicle were identical
in every trial (averaged lateral speed = 2.31 m/s). To prevent participants from anticipating the target vehicle, it was
randomly placed in one of five positions within the platoon.
Depending on where the target vehicle was placed in the
platoon, the lane change occurred approximately 20, 33, 45,
52 or 72 s (435, 732, 987, 1153, 1601 m) after the beginning
of a trial. Every target vehicle was closely (approx. 10 m)
followed by a truck (but not after every truck was a target
vehicle) and was therefore only visible when the distance
between ego and target vehicle was short enough. A trial
ended, when a collision occurred or ten seconds after the target vehicle started the lane change. In both cases, the screen
turned black for a short period of time before the next trial
started. Trial duration ranged from 18 to 125 s (M = 53 s).
For scenario design, operation and visualization, VIRES
Virtual Test Drive (VIRES Simulationstechnologie GmbH,
Germany) was used.

3.4 Experimental Design
The experimental design contained one independent variable, namely the criticality of the cut-in manoeuvre. It was
varied as a within-subjects factor by means of the time to
collision (TTC). TTC represents the time it will take for
two vehicles to collide if they continue driving on the same
path with the same speed [32, 37, 38]. In the present experiment, the TTC was defined as the time distance between the
ego and the target vehicle at that moment, when the target
vehicle was just in the middle between the two lanes (see
Fig. 2). Assuming a speed difference of 50 km/h between
ego and target vehicle, TTC was manipulated at six levels:
0.5, 0.7, 0.9, 1.1, 1.3, and 1.5 s. Each participant underwent
ten trials of every TTC level, leading to a total of 60 cutin manoeuvres. The 60 experimental trials were presented
in randomized order. The selection of levels and the randomization of trials were in accordance with the method of
constant stimuli. TTC values were based on the findings of
the FOT/NDS data analyses, which suggested that a TTC of
1.7 s is the bottom line of the criticality in everyday driving
behaviour [23]. By randomizing trial order and target vehicle
location, the target vehicle’s lane change was expected but
not entirely predictable.

3.5 Experimental Procedure
After arrival, participants were informed about the experiment (including the critical encounters) and provided written informed consent to take part in the study. Additionally,
they were asked to fill out a questionnaire about personal
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Fig. 2  The cut-in scenario: a target vehicle (orange) abruptly changed
from the left to the right lane and cut in in front of the ego vehicle
(blue)

information (e.g., gender, age, and driving experience).
Before the experiment, every participant drove a training
session for at least five minutes to familiarize themselves
with the driving simulator (participants were not supposed to
shift gears; see Fig. 3). In the actual experiment, participants
were told to stay on the left lane and keep a constant speed
of 130 km/h until they face a critical event. In this case, they
were asked to avoid an accident.

3.6 Measurements
Driving simulator data, which included kinematic driving
parameters of the ego vehicle and environment parameters,
were recorded with a sampling rate of 25 Hz. The following
variables were calculated for further analysis: (1) Due to the
variance in ego speed, the actual TTC might slightly deviate
from the aspired TTC. The Actual TTCwas therefore used
for further analysis and is defined as the actual time distance
(in seconds) between the ego vehicle and the target vehicle
at that moment, when the target vehicle is just in the middle
between the two lanes. (2) The binary variable Collision
indicates if there was a collision in a trial or not (0 = no collision, 1 = collision; dummy coded). (3) The Collision probability provides the ratio of the number of trials with collision to the number of all experimental trials. (4) Response
time is defined as the time (in milliseconds) between the
onset of the event (here defined as the moment, when the
target vehicle touches the road marking between the two
lanes) and the first response of the participant (here defined
as the earliest point in time within five seconds before and
after event onset when the normalized brake pedal position

Fig. 3  Experimental procedure

is greater than zero; range = 0–1). The event onset was chosen because the target vehicle was definitely visible at this
point in time and a lane change was inevitable. It has to be
noted that the target vehicle’s lane change might have been
visible before the defined event onset (please refer to Supplement A for alternative response times). However, response
time was primarily calculated to get a rough estimation of
whether participants were attentive.

3.7 Analysis
As described in the introduction, the present study adapted
the method of constant stimuli. According to this method,
the discriminant threshold corresponds to the stimulus intensity (continuous variable) for which the response (binary
variable) is random (i.e., both response types have a probability of 50%). Binary logistic regression is a means to
indicate the relationship between a binary variable and a
continuous variable in a sample of data and is described by

p(y) =

1
.
1 + e−(𝛽0 +𝛽1 x1 )

(1)

In this study, binary logistic regression was therefore
implemented to relate the binary variable Collision ( y ) to
the continuous variable Actual TTC(x1 ), p(y) represents
the collision probability. The inflection point of the logistic
regression, which was supposed to correspond to a collision probability of 50%, was (in line with the method of
constant stimuli) defined as the threshold of human drivers’
collision avoidance performance. Iteratively reweighted least
squares were used to estimate coefficients β0 and β1 of the
regression models. The analysis was done in RStudio (version 1.2.5019) using the function glm of the package stats
(version 3.6.1).

4 Limit(s) of Human Performance
4.1 Data Pre‑processing
In the first step, trials with negative response times (i.e.,
response time ≤ 0 ms; N = 24) were excluded from further analysis. The average response time of the remaining trials (N = 3096) was 270.53 ms (SD = 139.37 ms,
range = 40–1480 ms).
In the second step, it was verified that the experimental
manipulation of criticality was successful. Table 1 shows
that the more critical the cut-in manoeuvre (i.e., the shorter
the TTC), the more likely a collision. This finding was
supported by a chi-squared test [χ2(5, N = 3096) = 2113.40,
p < 0.001].
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Table 1  Absolute number and
percentage of trials with and
without collision across the
aspired TTC levels (s)

TTC

0.5

0.7

0.9

1.1

1.3

1.5

NCo

3

97
19.3%
407
80.7%

368
72.7%
138
27.3%

483
94.2%
30
5.8%

503
98.6%
7
1.4%

546
98.6%
8
1.4%

Co

0.6%
506
99.4%

NCo, No collision; Co, Collision

Fig. 5  Distributions of collision probability within the three age
groups
Fig. 4  Relationship between trial number and collision probability.
The regression line is displayed in blue

In the third step, it was tested whether collision probability differed across the experiment or with respect to age
or driving experience. In order to test the effect of time on
collision probability, which could be caused by, for example, fatigue or learning effects, the correlation between
trial number and collision probability was tested. A t-test
indicated that the collision probability decreased over time
[t(58) = -2.32, p = 0.024, r = −0.29] (see Fig. 4). To assess
possible age effects, participants were divided into three
age groups: 18–24 years (n = 11), 25–44 years (n = 16), and
above 45 years (n = 25). An univariate analysis of variance
(ANOVA) showed that age had no significant effect on
collision probability [F(2,49) = 0.90, p = 0.415, η2 = 0.04]
(see Fig. 5). Driving experience was measured by annual
mileage: < 9,000 km/year (n = 28), 9,000–20,000 km/year
(n = 15), and > 20,000 km/year (n = 9). The corresponding
univariate ANOVA revealed that collision probability did
not differ significantly between the three levels of driving experience [F(2,49) = 1.49, p = 0.236, η2 = 0.06] (see
Fig. 6). Due to the absence of differences in collision probability with regard to age and driving experience, all trials
were considered for regression analysis.

13

Fig. 6  Boxplots show the distributions of collision probability
depending on annual mileage

4.2 Logistic Regression
To compare different performance groups with respect
to collision probability, the top 10% (n = 7), the median
50% (n = 26), and the last 10% (n = 6) of the sample were
grouped. Mean collision probability and standard error of
each group and the full sample are illustrated in Fig. 7.
Logistic regression was calculated for the full sample
and for every performance group to determine the relationship between collision probability and the actual TTC.
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Table 2  Results of logistic regression of full sample and three performance groups
Model

n

C

z

p

IP

Full sample
Top 10%
Median 50%
Last 10%

52
7
26
6

− 10.74
− 13.85
− 14.44
− 11.35

− 26.57
− 8.14
− 17.00
− 9.03

< .001
< .001
< .001
< .001

0.86
0.72
0.85
1.09

C, Coefficient; IP, Inflection point

Fig. 7  Mean collision probability and standard error of three performance groups and the full sample across the aspired TTC levels

Regression curves and inflection points of all four regression
models are displayed in Fig. 8.
It was revealed that the actual TTC was a significant factor in all four regression models (see Table 2). The inflection point, i.e., the actual TTC at a collision probability of
50%, ranged from 0.72 to 1.09 depending on the group of
participants.

5 Discussion
The release of HAVs requires proof of safety. Exactly how
HAVs’ safety can be proven, however, is still under discussion. The use of human performance as a benchmark seems
reasonable, but needs appropriate methods. By adapting the
method of constant stimuli, a scenario-based approach to
quantify the limit of human performance was developed

Fig. 8  The relationship of actual TTC and collision probability in the
form of logistic regression curves. Inflection points are displayed in
red, original data points are displayed in black

and humans’ collision avoidance performance in a cut-in
manoeuvre was identified. The first part of the discussion
will focus on the method itself, followed by a discussion of
the actual results.
As has been described in the introduction, current
approaches to determine HAVs’ safety performance mainly
rely on an immense amount of data obtained in real traffic [13, 14]. A scenario-based approach, in contrast, offers
the advantage of reducing the amount of data needed by a
systematic and structured selection of test cases [6]. These
test cases can then be implemented in real traffic, on proving
grounds or in simulation. Simulation and, in case of human
performance, driving simulator studies offer the advantage
of controlling all aspects of a driving scenario without putting anyone at risk. In addition, different participants/HAVs
can repeatedly go through exactly the same scenario, which
is optimal for comparison of HAV and human performance.
It should yet be noted that, in contrast to simulation, only
a few scenarios can be tested within one driving simulator
study. This requires careful selection of safety–critical factors and scenarios. Severity and exposure, following e.g. ISO
26262, and the functional scope of the system to be tested
might guide the selection process. Finally, the efficiency of
this method will heavily depend on whether results for a specific scenario are generalizable to a broad range of scenarios.
As this study focused on one very specific scenario, this
has to be studied in further experiments. Another important
aspect concerns the technical configuration: if simulation
or driving simulators are used for comparison of human
and HAV performance, it is most important to have realistic
input signals and driving dynamics to obtain a realistic driving performance (e.g., collision probability). If the observed
driving behaviour does not generalize to real driving, the
comparison of human and HAV might be invalid.
To determine the limit of (human) performance, adequate
methods are needed. This study borrowed from psychophysics by adapting the method of constant stimuli, which is
originally used for sensory threshold detection [34]. This
method (in combination with logistic regression) seems
appealing because it allows quantifying performance by
one value, which can then be directly used for comparison.
However, one could question whether a collision probability
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of 50% represents the limit of human performance. To avoid
specifying a definite limit of performance (in terms of a specific collision probability), it would be possible to compare
the full regression curve and not just one value. The method
of constant stimuli is limited so far as it needs (continuous)
stimulus “intensity” and a binary response. Additionally, it
should be noted that the presented method requires stimulus
repetition and therefore allows participants to prepare, at
least partially, for the upcoming stimulus. It thus identifies
the upper limit of human performance, i.e., what humans are
capable of under optimal circumstances. This is seen as an
advantage since it sets higher expectations for HAVs.
Even though the focus is on developing a method, the
aim of this study is also to quantify the upper limit of human
performance. For this it was important that participants were
not distracted but focused on the task. Their level of alertness was rated based on response times. Following Green
[25], response times for expected brake signals take about
0.7 to 0.75 s, whereas brake reactions to unexpected events
follow 1.25 to 1.5 s after the signal. In critical situations
response times might fall below 1 s for unexpected events
[39]. The average response time in this study (approx. 0.27 s)
is thus shorter than would be expected. As described in the
method section, the lane change might have been visible
before the selected stimulus onset (the moment when the target vehicle touched the line between the two lanes). The time
between the beginning of the lane change and the defined
onset was approximately 0.5 s. The actual average response
time should, accordingly, lie between 0.27 and 0.77 s (see
Supplement A), which is still far less than one second. This
indicates that participants expected the cut-in manoeuvre
and therefore concentrated on the task.
Human performance, in this study, corresponds to collision avoidance. It describes the final output of an encounter,
but does not provide any information about the strategy used
to avoid the collision or how “well” a collision was avoided.
The critical driving task in the cut-in scenario was stabilisation [9]. Because of the instruction (keep lane and speed)
and the suddenness of the lane changes, participants had
to rely on highly automated skills, i.e., stimulus–responseautomatisms, to avoid a collision [11]. Further studies
should address whether the presented method can measure
other facets of (human) performance.
Although collision probability did not differ significantly
with respect to age and experience, it decreased over time
and varied between participants. The difference between the
inflection points, i.e., the limit of performance, of the top
and last 10% was 0.37 s, which might make a difference for
HAVs’ performance rating. This raises the question of which
group of participants should serve as the reference for HAV
performance. In the present study, the sample was aligned
with the total population of German car drivers and then
divided into performance groups. In the future, it could be
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considered to select a specific performance group from the
outset, e.g. novice or professional drivers. In addition, one
might only use certain trials to decrease variance in performance caused by fatigue or learning effects. The selection
of trials and reference group will be a question of the desired
safety performance level of HAVs.
The results show that collision probability was only close
to zero for a TTC of 1.3 s and 1.5 s, respectively, which is
in line with the suggestion to rate encounters with a TTC
of 1.5 s or less as safety critical [40]. However, since the
participants of this study were prepared to encounter critical
situations, the use of higher TTC values as safety limit seems
also reasonable [37, 38]. When reviewing the observed TTC
values, one should keep in mind that TTC calculation was
based on the moment when the target vehicle was in the
middle of the two lanes and that the lane change was visible
before that. Accordingly, the reported TTC values should
only be used for comparison if calculation is identical.

6 Conclusions
Taking a human factors point of view on the issue of verification methods, human performance was used as a benchmark to assess HAVs’ safety performance. Because methods
to quantify and directly compare HAV and human performance are rare, an appropriate method was developed. This
method was based on a classical psychophysical approach
and allows to quantify (the limit of) human and HAV performance in a specific scenario by means of logistic regression. In addition, it was shown that implementation as part
of a driving simulator study enables testing of critical scenarios that are otherwise not available in sufficient numbers
or too dangerous. The presented method therefore closes
the gap between the recording and description of human
performance in uncritical and critical scenarios to the point
of accidents and adds to the ongoing development of adequate testing and verification methods for HAVs. Whether
the identified limit of human performance holds for different scenarios and whether the method can be used for other
facets of human performance has to be addressed in further
research.
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