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Abstract: Self-driving technologies introduced new challenges to the control engineering
community. Autonomous vehicles with limited automation capabilities require constant
human supervision, and human drivers have to be able to take back control at any time,
which is called handover. This is a critical process in terms of safety, thus appropriate
handover modeling is fundamental in design, simulation and education related to selfdriving cars. This article reviews the literature of handover processes, situation awareness
and control-oriented human driver models. It unifies the psychological and physiological
control theory models to create a parameterized engineering tool to quantify the handover
processes.
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1

Introduction

The versatile autonomous functions of vehicles require different knowledge and
control approach from the users (i.e., the human driver). This can be characterized in various ways, broken down to categories from the technical point of
view, e.g., Parasuraman et al. provide a well decomposed automation classification with 10 levels of automation [1]. However, the most commonly used automation level classification was created by the Society of Automotive Engineers
(SAE), defining five levels of autonomy [2], which has been widely adopted, even
by different domains [3, 4]:
L0 no autonomous capability;
L1 driver assistance: specific functions may be under computer control;
L2 partial automation: combined function automation (e.g., Adaptive Cruise
Control (ACC));
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L3 conditional automation: automation of all critical functions with limitations (limited self-driving), the driver shall be ready to take control all
times;
L4 high automation: vehicle can perform all driving tasks under certain conditions; driver may take control;
L5 full automation: vehicle performs all driving tasks under all conditions;
driver may not be able to take control.
The safety considerations of cars with partial and conditional automation (L2–
L3) are critical, because constant attention of the driver is required due to the
limited capabilities of the car; albeit, due to the relatively large portion of fundamental (and comfortable) functions being automated, the driver can easily become distracted and bored, and start to look for other, non-driving related activities. As shown by Stanton et al., this is mainly due to the fact that humans are
not efficient in long inactive monitoring tasks, and drivers usually over-trust the
system [5]. The problem becomes critical and potentially fatal when the automated system faces a situation that is beyond its functional capabilities, and the
human driver has to take back the control from the system, when the driver is not
prepared to do so [6].
The situation when the human driver takes back control from the automated system is called both handover and takeover. In Morgan at al., the term handover is
used to define the process when the automated system transfers the control to the
human driver, while the term takeover refers to the time instant when the driver
had taken full control of the vehicle [7], which has been adopted in many papers.
This terminology will be used as well. The time between the handover signal and
when the human driver has full control of the vehicle is called takeover time. The
terminology of handover is reviewed in Section 2.
The safety of autonomous vehicles below L4 is critical in real-life applications.
according to Stanton et al, car manufacturers should proceed to L4, or L2 and L3
should be modified such that the driver shall always be responsible for one control
input modality, e.g., for handling the steering wheel or the pedals, thus the human
would be forced to pay attention during the whole driving process [5], which is a
well-established protocol in aviation industry. The first suggestion (i.e., jumping
to L4) is not available yet due to technical limitations, while the second suggestion means that the vehicle practically becomes an L1 system. Banks at al. analyzed the fatal Tesla crash happened May 7, 2016, using the Perceptual Cycle
Model [6]. Although the investigations showed that the accident was caused by
driver error, the authors suggested that ”design error” was also part of the cause,
which resulted in the over-boosted trust of the driver in the autonomous system.
The human trust and situation awareness are critical components in the safety of
L2–L3 systems, which are reviewed in Section 3. The connection of handover
situations and situation awareness is analyzed in Section 4.
Human driver models and models of the closed-loop system based on a control
theory (e.g., [8–10]) approach have been considered in [11]. A human model
based on fractional order calculus has also been presented [12]. A recent review
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of pilot models based on control theory, physiology and soft computing techniques can be found in [13]. Control and system theoretic models are useful
for simulation and analysis purposes, however, they do not provide sufficient insight into the underlying phenomena. The crucial elements in the models are the
time delay parts that determine the stability and performance of the closed-loop
system. The control oriented models are briefly reviewed in Section 5.
Takeover times in non-critical handover situations are reviewed in [14]. Under
noncritical conditions, drivers needed 1.9 to 25.7 seconds to take back control.
These data were derived from measurements in non-critical scenarios, however,
these takeover times are dangerously high for critical situations (i.e., when the
driver has to take back control to possibly avoid an accident). The large takeover
time is the main weakness of L2–L3 systems from the safety point of view. The
value of the time delay can be approximated by the model of Gold et al., who created an algebraic equation based on regression to calculate the time delay based
on selected data (traffic density, time before the accident, age of the driver, the
current lane, the number of times the driver has faced similar situations before,
and the non-driving related activity of the driver during the handover) [15]. Models for time delays in handover situations are discussed in Section 6. Based on
the findings of the literature review, a human driver model is suggested in Section
7, that combines control oriented models with models of situation awareness.

2

Handover Situations

The process of handover, i.e., the process when control is shifted from autonomous
to manual, can be a result of various situations; based on the conditions, there are
various classifications in the literature. Here, they are considered, the first one is
based on the way of handover [16], the other one is categorized by the cause of
handover [17].
Based on the way of the handover, four types of handover situations are given
in [16]:
• Immediate handover, when the control is shifted immediately, e.g., the
driver grasps the steering wheel;
• Step-wise handover, when the control is shifted step-by-step, e.g., first longitudinal control, then lateral control;
• Driver monitored handover, when the driver monitors the system behavior
(e.g., force feedback in steering wheel). The control is handed over after a
certain period of time (e.g., there is a countdown);
• System monitored handover, when the system monitors the inputs of the
driver for a certain period of time after the handover, and the system can
adjust the inputs if it considers the driver input unsafe.
Based on the cause of the handover, five types of handover situations can be
given [17]:
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• Scheduled handover, when the driver is notified in advance of the handover
situation, and has time to prepare;
• Non-scheduled system initiated handover, when the driver is not notified in
advance, the system realizes that the driver must take control immediately
because in the current situation the system would need to operate beyond
its functional limits; the driver may not expect this situation;
• Non-scheduled user initiated handover: the driver decides to take control
while there is no specific need to do so;
• Non-scheduled user initiated emergency handover: the user spots a potential risk that was not recognized by the system, and the user takes immediate control;
• Non-scheduled system initiated emergency: the system can no longer operate (the cause of this emergency is internal system failure), and notifies
the driver.
The handover situations that are non-scheduled and system initiated are also
called self-deactivation processes. An important difference between L2 and L3
systems is that an L3 system must always be able to realize if a situation is beyond
the limits and initiate handover. In this paper, we are interested in immediate handover situations, i.e., the whole control is turned to manual control immediately,
caused by self-deactivation, when the handover situations are non-scheduled and
initiated by the system. We will also call these handover situations immediate
self-deactivation. Important to note that handovers could possibly be initiated by
cyber-security attacks as well [18].

3

Situation Awareness

Situation Awareness (SA) is used to describe the perception and the understanding of the human driver about the situation. The critical point of L2–L3 systems
is when the driver loses SA. Regaining SA during handover is crucial in terms of
safety, since SA is indispensable for the driver to find a solution to the problem
arose during the handover situation. Thus, designing systems that help drivers
regain SA is fundamental in handover management.

3.1

Defining Situation Awareness

Human perception capabilities are modeled by SA, which is a key component in
handover processes. SA of the driver is the dynamic understanding of “what is
going on” [19]. SA was divided to three levels by Endsley [20]:
• Level 1: perception of the elements in the environment that are relevant to
the task;
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• Level 2: comprehension of the meaning of these elements relative to the
task;
• Level 3: projection of their future states after particular actions.
SA was formally defined as “the perception of the elements in the environment
within a volume of time and space, the comprehension of their meaning, and the
projection of their status in the near future” [21].
Automation of SA was investigated in [22], SA with semi-autonomous agricultural vehicles was analyzed in [23], where they showed that at higher level of
automation, the driver has lower SA. The authors used the Situational Awareness
Rating Technique (SART) developed by Taylor, which is a self-rating post trial
technique [24].

3.2

Measuring Situation Awareness

There are numerous metrics to quantify SA. Stanton at al. compared more than
30 measures of SA [25], which can be categorized into six groups [19, 26]:
1. Freeze probe techniques;
2. Real-time probe techniques;
3. Self-rating techniques;
4. Observer rating techniques;
5. Performance measures;
6. Process indices.
Freeze probe techniques are based on freezing the simulation, and asking questions from the participant right afterwards. Having answered the questions, the
simulation continues. The simulation is stopped (frozen) typically randomly, and
questions are asked about the tasks performed. The answers are evaluated after
the simulation. A popular freeze probe technique measuring the SA along the
three levels was proposed by Endsley, and is called Situation Awareness Global
Assessment Technique (SAGAT) [27].
3.2.1

Real-time probe techniques

Real-time probe techniques are similar to the above with the difference that during real-time probing, the simulation is not frozen, thus they ask questions from
the participants online during the simulation without stopping it. A typical realtime probe technique is the Situation Present Assessment Method (SPAM), developed for air traffic controllers’ SA measurement [28].
3.2.2

Self-rating techniques

Self-rating techniques are carried out by the participants, who rate themselves
typically after the trial. One such technique is the SART by Taylor [24], which
uses ten dimensions to measure the participant’s SA. The participant gives a score
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to each dimension between 1 and 7, and the result is a subjective measure of the
SA.
3.2.3

Observer rating techniques

Observer rating techniques involve experts who observe the participants during
task execution, and evaluate their SA. The advantage of this method is that it does
not disturb the task execution of the participants, and observer bias is reduced.
A typical observer rating technique is the Situation Awareness Behavioral Rating Scale (SABARS), which has been used to asses infantry’s SA during field
training [29].
3.2.4

Performance measures

Performance measures provide indirect measures of SA by recording some quantities during task performance. For example, Gugerty measured crash avoidance,
blocking car detection and hazard detection for driver SA [30]. Process indices
involve the recording of certain functions and behaviors that are related to the SA
of the participant, e.g., eye-movement is tracked in the study of Smolensky [31].
According to a thorough review that compared these measurement techniques [26],
the most typically used are the SAGAT and SART to assess individual or team
SA. It was found that the SAGAT technique had the most significant correlation
with the task performance [19].

3.3

Losing and Regaining Situation Awareness

During automated cruising, the driver can become inattentive, and start to participate in non-driving related activities, not paying attention to the traffic. This
is called Driving Without Attention Mode (DWAM), and was formalized in [32]
(also known as Driving Without Awareness (DWA) [17]). In this mode, the driver
behaves as a conventional passenger, which is only in line with the SA mode of
L4+ cars. For cars under L4, if the driver is in DWAM, wneh a handover request
occurs, then the takeover time increases dramatically.
During handover, the driver has to regain SA from DWAM. Assistant systems that
help the driver to regain SA may help reducing reaction times and increase safety.
In order to understand this process, it is desirable to decompose SA. Matthews et
al. describe the following components of SA [33]:
• Spatial awareness: knowledge of the location of all relevant objects in the
environment;
• Identity awareness: knowledge of salient items;
• Temporal awareness: knowledge of the change of location of the surroundings;
• Goal awareness: knowledge of the navigational plan, trajectory tracking,
maneuvering the vehicle in traffic;
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• System awareness: knowing the relevant information about the driving environment.
Regaining full SA means regaining all three SA levels. Driver assistant systems
may be characterized and specialized based on the component of SA they help
to regain and the level of awareness that can be reached by the assistant system.
For example, the car’s dashboard can help to regain system awareness, more
advanced Human–Machine Interface (HMI) can increase other components of
awareness.
Augmented Reality (AR) was used by Lorenz et al. to improve takeover performance of the driver, as described in Section 7 [34]. This experiment showed that
an assistance system that helps regaining SA improves takeover performance.

3.4

Critical Performance Assessment

The quantitative assessment of SA, based on the level of autonomy, is crucial for
the development of safe and efficient automated driving systems. Until today,
there is no widely accepted metrics to quantitatively describe SA indicators, both
on global and component levels. Henceforth, new autonomous features are predominantly deployed into driver assistance systems without taking into account
the quantitative requirements that the human driver needs to adhere to. In order to
address this issue, a systematic assessment method is proposed. Employing this
method could enhance the establishment of baseline metrics, and the definition
of essential performance for deployment standards.
We call for an assessment method for critical handover performance, to quantitatively define the required level and components of SA with respect to the
autonomous functionalities present. To improve system safety, driver assistance
systems and automated driving functionalities shall be collected and organized in
a hierarchical way, along with the two criteria of SA presented, as a standardized
risk assessment protocol:
• Level of SA, based on state of the environment;
• Components of SA, based on knowledge.
Fig. 1 defines SA blocks in autonomous driving, and outlines their hierarchy in
accordance to the level of autonomy and SA. As the level increases, i.e., new
autonomous features are added incrementally, the required number of SA components decreases for the human driver, as critical driving tasks are temporally
or permanently taken over by the system. This representation is in line with the
SAE definition of level of autonomy, and can be interpreted as follows:
• L2 ADAS systems require the human driver to remain in control and stay
fully aware of the driving situation, possessing all levels and components
of SA.
• As a transition from L2 to L3 automated systems, the driver is allowed
not to fulfill all the quantitative awareness criteria to the highest level of
SA, and an increasing number of components for SA are overseen by the
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Figure 1
Hierarchical representation of SA blocks in autonomous driving. For each level of autonomy,
quantitative requirements shall be defined. E.g., the block highlighted in red corresponds to the SA
metrics for L3 autonomy for the comprehension of dynamic states, while the blue block represents
the ability of the human driver understanding the spatial structure of the environment, while
engaging an L2 driver assistance feature.

system (e.g., state of the traffic participants, expected behavior). However,
some components need to stay active on the driver’s side, such as handling
unexpected behaviour or understanding the driving goals/trajectories.
• Transitioning from L3 to L4 automated driving, the driver is required to
perceive the current state of the environment only related to his driving
task. However, on the component level, system knowledge is interpreted as
the knowledge of whether the system can solve critical driving tasks in the
current driving environment, i.e., whether the user is educated about the
capabilities of the used features.
Each block in Fig. 1 represents a quantitative criteria, which corresponds to the
acceptance threshold for the integration of the new functionality into the system. The blocks incorporate metrics in terms of perception (object recognition
distance, static and dynamic object state, road topology, actor movement probability and trajectories etc.), time factors (time to collision, takeover time, length
of takeover action) and takeover ability (access to driving controls, pose of driver,
environmental conditions). The measurement of these quantitative criteria is crucial, however, due to the complexity of the driving task and the human factors of
the HMI, it can only be set empirically. The development of the testing framework related to this objective is part of our research, aiming to create a baseline
for the definition of upcoming automotive standards.
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Human Trust in Autonomous Systems

A potential safety problem of L2–L3 cars is that human drivers tend to overtrust
the system, and as a consequence, they do not pay attention to critical situations [5]. On the other hand, some drivers do not trust autonomous systems at
all, and thus do not want to rely on automated functions, even when those would
boost their performance [35]. Human automation interaction systems and trust in
automation was reviewed recently [36], where the authors pointed out the importance of trust when a human interacts with the autonomous systems. The effect
of augmented SA on semi-autonomous car driving is analyzed in [37].
The way the driver treats the autonomous system and reacts to a handover situation can be considered as a problem of Human–Automation Interaction (HAI),
which has a rich literature [1, 36, 38, 39]. Trust in Automation (TiA) is found to
be a critical component of HAI systems, since TiA effects the decision of the human which leads to the interaction [36]. TiA is usually divided into two domains:
compliance and reliance [40]. The advantage of using reliance and compliance
is that they can be measured through observable behavior. The disadvantage of
using only reliance and compliance is that they can not characterize TiA uniquely.
The tendency of accepting the lack of alarm or a warning is called reliance. If the
reliance of the driver is large, then he or she believes that there is no problem as
long as there is no alarm signal generated by the system, thus the autonomous system needs no supervision. If the driver has low reliance, then he or she believes
that there may be errors or critical situation that are neglected by the autonomous
system, thus they constantly supervise the functions. In general, the reliance of
the driver should be high, however, too high reliance leads to overtrust, while too
low reliance renders the autonomous functions idle. The reliance of the driver
can change over time, e.g., if the system fails to generate alarms, the reliance of
the driver decreases [41]. Since L2–L3 systems need constant supervision of the
driver, these systems are unique in the sense that lower reliance is desirable.
The tendency of accepting and carrying out the recommendation from the autonomous system is called compliance. Ideally, the compliance of the driver is
high, however, too high compliance means overtrust, and accepting all suggestions of the system without checking their validity. False alarms generated by the
system decrease compliance, however, if the systems fails to generate an alarm,
it has no effect on compliance [40].
Reliance and compliance can not completely characterize trust, since there are
other factors that may affect decisions. One such factor is the workload of the
driver, i.e., if the driver is kept busy, then they tend to accept the recommendations of the autonomous system, even if their compliance is low. Drnec et al. suggested to model trust as a decision process, since decision making can be objectively measured [36]. However, since decision measurement in their research is
done by fMRI (functional magnetic resonance imaging), this measurement can
hardly be carried out in a simulated driving environment.
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Table 1
The critical SA components of non-scheduled handover situations and their effect on trust

Handover situation

Critical SA component

non-scheduled system initiated

spatial awareness

Effect on trust
reliance and compliance is increased
(true positive alarms) or decreased (false
positive alarms)

non-scheduled user initiated

spatial awareness

reliance is reduced

non-scheduled user initiated emer-

system awareness

reliance is reduced

system awareness

reliance and compliance is increased

gency
non-scheduled system initiated
emergency

(true positive alarms) or decreased (false
positive alarms)

4

Handover Situations and Situation Awareness

Handover situations are called automation to human hands-off in [42], where
scheduled handovers are called structured hands-off, and non-scheduled handovers are referred to as unstructured hands-off. The term takeover event is also
used to refer to a handover situation. Non-scheduled, system initiated handovers
are also called self-deactivation processes.
Following the terminology from McCall et al. [17], we collected the non-scheduled
handover types, and identified the critical SA components during handover, and
the effect of the handover situation on the trust of the driver (Table 1).

4.1

Safety Critical Issues During Handover Process Management

In HAI systems, reliance is considered to be an important component, which
should be kept high. However, overtrust can be fatal, since the driver fails to
monitor the traffic situation, and may not be able to react in time. Moreover, if
the system fails to detect the critical situation or detects the situation too late (e.g.,
right before the accident), then the driver has no chance to avoid that [43]. As
a consequence, for L2–L3 systems, lower reliance is more desirable. Although
low reliance implies that the driver has to monitor the system frequently, which is
considered to be infeasible for HAI systems, this frequent monitoring is desirable
for L2–L3 systems. Based on Table 1, reliance is decreased by non-scheduled
user initiated handovers or false positive system initiated alarms. The latter also
decreases compliance.
A critical component of handover management systems is the detection system
that initiates handover. This system must be able to predict the critical situation
as soon as possible, in order to alert the driver in time. If the system fails to alarm
the driver in time, and the driver does not pay attention (due to high reliance), the
consequences can be fatal. However, detection systems are not perfect, and can
make mistakes [44]. Typical question in design is whether false positive or false
negative alarms are less desirable. In handover situations, false negative alarms
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can be fatal if the driver has large reliance, while false positive alarms decrease
reliance as shown in Table 1. Overall, the detection system must be created
such that false negative alarms are minimized, while the amount of false positive
alarms can be larger.
Too much false positive alarms can lead to significant drop of reliance and compliance, which is good for safety, since it forces the driver to pay attention constantly, however, it is bad for the technology, since drivers will be wary of these
systems. In Autonomous Emergency Braking (AEB) systems, false positive detection is avoided by removing stationary objects from radar sensor data, and by
treating an object as an obstacle only if it is in the way of the vehicle, which is calculated based on the steering angle [44]. The performance of detection systems
will likely improve in the future due to the improvement in artificial intelligence
algorithms, like deep neural networks [45] and their training algorithms [46].
Using augmented/virtual reality and advanced HMI can help to improve the performance of the drivers during handover by increasing the SA of the driver, and
helping to regain the SA. However, this will only work if the driver trusts the system, and believes that the information given by the HMI is valid, i.e., the driver
has high compliance. False positive alarms decrease compliance, and as a result,
the trust of the drivers will decrease, and the performance increase due to the
advanced HMI may deteriorate as well. To the authors best knowledge, other
factors, such as the behavior of drivers when the information of the HMI is not
valid has not been researched yet.

5

Control-oriented Driver Models

Control-oriented driver models date back to the ’70s. In the work of Kleinman
et al., the control-oriented model of the human driver system described human
behaviour as a time delay, an equalizer block and a neuro-motor dynamics block,
shown in Fig. 2 [47]. The equalizer block contains an observer to estimate the
states of the vehicle, and an inverse dynamics block for state estimation. Kleinman and Curry also used a control-oriented approach to predict human operator’s
performance [48].
Human decision making is modeled as a process based on probabilities in [49,
50]. Gai and Curry modeled human decision making using switches and time
delays [51]. Limits of human path tracking capabilities were explored in [52].
Eskandari et al. used a control-oriented framework to model the system under
shared control, i.e., the control system with an automated system and the human
operator are both presented in the loop [53], shown in Fig. 3. SA is present in
the human operator model, along with decision making and acting. The authors
modeled SA and regaining SA using dynamical systems in [54]. This model unified the control-oriented approach with the psychological approach characterized
by SA [33].
Control-oriented driver modeling was used by Wang et al. to create a control
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law for a steering system [55]. Human models were used to evaluate system
reliability using simulations in [56].
Driving state recognition is an important component of future autonomous cars.
Machine learning was used to learn personalized driving state employing onboard sensor measurements in [57]. Clustering-aided regression is used to predict the driver workload in [58]. Mental workload dynamics was modeled in [59],
where linear identification techniques are used to identify the nonlinear model online and show robust performance. Workload adaptive cruise control was created
in [60], where the adaptive cruise control system is adapted to the current workload of the human driver in order to tailor the level of assistance to the needs of
the driver. Tests in driving simulators showed that this workload adaptive cruise
control enables safer driving experience.

6

Critical Components of a Handover Process

Human attention diversion is a critical issue in driving, many studies showed that
mental workload has critical effect on the safety of driving [59, 60]. Nevertheless, the study of Gold et al. showed that traffic density has a major effect on
takeover performance, while answering questionnaires during the driving process was found to have no significant effect [61]. Identifying large traffic density
as a potential danger source in takeover performance leads to the conclusion that
for systems under L4 automation, the driver should always pay attention when
the traffic is heavy, e.g., by turning automated cruising off. This should not mean
that the automated cruising shall be turned off in traffic situations with large
density but low velocity, (i.e., traffic jams), which could be safely managed by
autonomous vehicles under L4. A possible solution for this situation takes velocity information into account, which can be easily incorporated via on-board
sensors. This way, automated cruising can be allowed in large traffic density with
low velocity, and remain inaccessible with large traffic density and high velocity.
The U.S. National Highway Traffic Safety Administration (NHTSA) released an

Figure 2
The human driver block, modelled fot the control theory aspect by Kleinman et al., neglecting the
noises and disturbances [47].
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Figure 3
The block of the closed-loop system under shared control by Eskandari et al. [53].

updated policy A Vision for Safety in 2017 [62]: it encourages regularization entities on the definition and documentation of Operational Design Domains (ODD)
for each automated driving system of the vehicle. An ODD should describe specific conditions under which the given features are intended to function for automated vehicles. The minimal information required for the definition of ODD
for a given functionality includes roadway type, geographic area, speed range
and environmental conditions. Pre-defined ODDs could aid the assessment of
the required level of SA in the case of automated systems under L4.

6.1

Time Delay

Time delays are critical components of takeover performance. The takeover time
during highway cruising is modeled by a polynomial in [15] which depends on
the time budget, defined as the time between the takeover time and the system
limit (the latest time instant when the driver must take control), the traffic density
measured in cars/kilometer, the lane (right, middle or left), non-driving related
task, repetition (the number of times the driver has faced similar situations before) and the age of the driver. The t takeover time is given as:
t

= 2.068 + 0.329TimeBudget − 0.147(Lane − 1.936)2
−0.0056(Tra f f icDensity − 15.667)
−0.571ln(Repetition)
−4

(1)

2

+2.121 · 10 (Age − 46.245) .
This model implies that traffic density decreases takeover time, and has the least
decreasing effect for medium traffic density, and largest effect for small and large
traffic density. The non-driving related task had no effect, similarly to the study
carried out by Gold et al. [61]. However, it should be emphasized that the same
20-question-long form was used in both experiments. The age and lane did not
affect the results significantly, but the repetition (which is related to the expe– 247 –
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Figure 4
The model of the human driver included closed-loop control system. The driver block is divided into
3 levels based on SA, representing different decision and action blocks accordingly.

rience of the driver), the time budget (which is related to how early the system
warns the driver) and the traffic density did.

6.2

Transient Quality

Improvement of takeover performance can be achieved through improving transient quality. Workload-adaptive cruise control does not necessarily reduce reaction time, but it contributes to the improvement of transient quality, e.g., participants started to break at the same time but the deceleration was lower, as reported
by Hajek et al. [60].
Hence, SA also has an effect on the dynamics of the human model, along with
the time delay. This effect can be incorporated into the human model through the
neuromuscular level, i.e., different transfer functions describing the neuromuscular system for different stress levels. As the stress level increases, the settling
time of the transfer function decreases, but other quality factors, such as damping
are most likely to decrease as well.
Creating appropriate warning systems and prediction algorithms do not necessarily improve takeover performance by improving the takeover time, but by improving the reaction quality. This can be modeled through the dynamics of the
human driver, and not the time delay. The importance of this observation lies in
that most of the literature focuses on the time delay effect, and neglects the effect
of dynamics. To incorporate these effects in the model, a combined approach is
presented in the next Section, which is the main contribution of this paper.
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Human Driver Model with SA

A new model is proposed by combining the model of the classical control theory
block diagram of Kleinman et al. [47] with the SA-based block diagram of Eskandari et al. [53], as shown in Fig. 4. The vehicle block contains the controller
block, being responsible for the automation, intelligence of the vehicle, actuators, vehicle model, sensors and finally the handover management block, which,
in the trivial case, can be a system that overwrites the decision of the automation
with the input signals generated by the human driver.
The human driver block is composed of three levels:
• The first level (Level 1 SA) is comprised of perception, decision and action;
• The second level (Level 2 SA) is responsible for the comprehension of the
perceived signal and the corresponding decision and action;
• The third and largest level (Level 3 SA) projects the perceived information
on the future, and carries out the corresponding decision and action.
The level of the driver’s behavior is specified by the time available for the driver
(the time budget by the terminology of Gold et al. [15]). If the time for decision
and acting is low, only Level 1 SA is attained, and the driver will use the decision
and action corresponding to Level 1 SA. If there is plenty of time, the driver can
attain Level 3 SA, and act according to this level, i.e., use the Level 3 decision
and action.
The action block contains the neuro-muscular dynamics and the inverse dynamics of the vehicle. The inverse dynamics is the same for all levels, since this block
depends on the driver’s knowledge of the car dynamics. Note that this statement
does not hold if the car is in an extreme situation with unknown dynamics to the
driver (e.g., the car slips on ice). The inverse dynamics here is not related to repetition in the model of Gold et al. [15] in (1), since the repetition refers to how
many times the driver has faced the critical situation before, and not the knowledge of the car dynamics. While, the possibility of correlation is not excluded, it
is not discussed in this work.
The neuro-muscular dynamics can be modeled with the transfer function [13]:
WNM =

e−sτNM
s2 T 2 + 2ξ T s + 1

,

(2)

with time constant T , damping coefficient ξ and time delay τNM . As the level of
SA increases, the damping ξ increases, and the time constant T decreases. This
way, the quality of the transient improves, as it has been observed [60]. From
control theory point of view, decreased time constant would mean decrease in
the performance, however, in the current application, decreased time constant
results in decreased absolute value of the acceleration. This gives larger comfort
to the passenger. This decrease in the acceleration is considered beneficial as
long as the value of acceleration is large enough to avoid a possible accident,
while it may present some discomfort to the driver and the passengers.
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The various levels of SA (perception, comprehension and projection) can be
modeled with different time delays with transfer functions:
WSA = e−sτSA .

(3)

As the level of SA increases, so does the time delay τSA . The modeling of the
time delay in the decision block is straightforward.
The model in Fig. 4 gives insight into the process of driver assistance system
from a different perspective. For example, Lorenz et al. showed in their study
that using augmented reality improves takeover performance [34]. If a green corridor was projected on the path that could be used to avoid the accident, drivers
tended to steer the vehicle into that direction, while in the case red corridor was
projected onto the path that should have been avoided, the drivers started to brake
intensively. This phenomenon could be explained by the decrease in time delays,
as shown in [63]. The model presented in Fig. 4 can be used as an explanation, as the augmented reality helps the drivers to attain higher level of SA in
a shorter time. Drivers can achieve comprehension through the presented solution (but this comprehension is highly affected by the information shown by
the augmented reality), and thus they can achieve Level 2 behavior sooner. This
observation can aid the development advanced systems that would improve the
safety of autonomous cars.
Conclusions
A complete literature review was provided about the handover processes of autonomous cars. Various terminology can be found in the literature related to
handover process, we built on the most common and clarified terms. SA was
identified as a fundamental human driver related component in handover situations. We provided a short review about the quantification methods of SA, and
established the relationship between SA and handover processes.
Control-oriented human driver modes were reviewed, and the models were extended to incorporate the model of SA. Control-oriented driver models are important to carry out simulations and to specify quantitative measures for human
driver performance. Incorporating SA into control-oriented models enforces the
fusion of physiological and psychological human models, which have greater
modeling power and could enhance the developments aimed at improving handover performance. Out future plan is to build a complete simulator with this
knowledge in order to asses SA more efficiently.
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[18] J. Contreras-Castillo, S. Zeadally, and J. A. Guerrero-Ibañez. Internet of vehicles: Architecture, protocols, and security. IEEE internet of things Journal, 5(5):3701–3709, 2017.
[19] P. M. Salmon, N. A. Stanton, G. H. Walker, D. Jenkins, D. Ladva, L. Rafferty, and M. Young. Measuring situation awareness in complex systems:
Comparison of measures study. International Journal of Industrial Ergonomics, 39(3):490–500, 2009.
[20] M. R. Endsley. Situation awareness global assessment technique (sagat).
In Proc. of the IEEE 1988 National Aerospace and Electronics Conference,
volume 3, pages 789–795, May 1988.
[21] M. R. Endsley. Toward a theory of situation awareness in dynamic systems.
Human Factors, 37(1):32–64, 1995.
[22] N. Naikal. Towards autonomous situation awareness. Technical Report UCB/EECS-2014-124, Electrical Engineering and Computer Sciences,
University of California at Berkeley, May 2014.
[23] B. Bashiri and D. D. Mann. Automation and the situation awareness of
drivers in agricultural semi-autonomous vehicles. Biosystems Engineering,
124:8–15, 2014.
[24] R. M. Taylor. Situational awareness rating technique (sart): The development of a tool for aircrew systems design. In E. Salas, editor, Situational
Awareness, chapter 6, page 18. Taylor & Francis Groups, 1990.
[25] N. A. Stanton, P. M. Salmon, L. A. Rafferty, G. H. Walker, C. Baber, and
D. P. Jenkins. Human Factors Methods: A Practical Guide for Engineering
and Design. CRC Press, 2005.
[26] P. Salmon, N. Stanton, G. Walker, and D. Green. Situation awareness
measurement: A review of applicability for c4i environments. Applied Ergonomics, 37(2):225–238, 2006.
[27] M. R. Endsley. Measurement of situation awareness in dynamic systems.
Human Factors, 37(1):65–84, 1995.
[28] F. T. Durso, C. A. Hackworth, T. R. Truitt, J. Crutchfield, D. Nikolic, and
C. A. Manning. Situation awareness as a predictor of performance for en
route air traffic controllers. Air Traffic Control Quarterly, 6, 1998.
[29] M. D. Matthews and S. A. Beal. Assessing situation awareness in field
training exercises. Technical Report Research Report 1795, U.S. Army
Research Institute for the Behavioral and Social Sciences, September 2002.
[30] L. J. Gugerty. Situation awareness during driving: Explicit and implicit
knowledge in dynamic spatial memory. Journal of Experimental Psychology: Applied, 3, 1997.
– 252 –

Acta Polytechnica Hungarica

Vol. 16, No. 9, 2019

[31] M. Smolensky. Toward the physiological measurement of situation awareness: the case for eye movement measurements. In Proc. of the Human
Factors and Ergonomics Society 37th Annual Meeting. Human Factors and
Ergonomics Society, 1993.
[32] J. S. Kerr. Driving without attention mode (DWAM): A formalisation of
inattentive states in driving. In A. G. Gale, editor, Vision in Vehicles III,
pages 473–479. 1991.
[33] M. L. Matthews, D. J. Bryant, R. D. G. Webb, and J. L. Harbluk. Model
for situation awareness and driving: Application to analysis and research
for intelligent transportation systems. Transportation Research Record,
1779(1):26–32, 2001.
[34] L. Lorenz, P. Kerschbaum, and J. Schumann. Designing take over scenarios
for automated driving: How does augmented reality support the driver to get
back into the loop? Proc. of the Human Factors and Ergonomics Society
Annual Meeting, 58, 2014.
[35] B. M. MUIR and N. MORAY. Trust in automation. part ii. experimental
studies of trust and human intervention in a process control simulation. Ergonomics, 39:492–460, 1996.
[36] K. Drnec, A. R. Marathe, J. R. Lukos, and J. S. Metcalfe. From trust
in automation to decision neuroscience: Applying cognitive neuroscience
methods to understand and improve interaction decisions involved in human automation interaction. Frontiers in Human Neuroscience, 10:1–14,
2016.
[37] L. Petersen, D. Tilbury, L. Robert, and X. J. Yang. Effects of augmented
situational awareness on driver trust in semi-autonomous vehicle operation.
In Proc. of the 2017 NDIA GROUND VEHICLE SYSTEMS ENGINEERING
AND TECHNOLOGY SYMPOSIUM. 2017.
[38] R. Parasuraman and D. H. Manzey. Complacency and bias in human use of
automation: An attentional integration. Human Factors: The Journal of the
Human Factors and Ergonomics Society, 52(3):381–410, jun 2010.
[39] R. Parasuraman. Designing automation for human use: empirical studies
and quantitative models. Ergonomics, 43(7):931–951, jul 2000.
[40] J. Meyer, R. Wiczorek, and T. Günzler. Measures of reliance and compliance in aided visual scanning. Human Factors: The Journal of the Human
Factors and Ergonomics Society, 56(5):840–849, nov 2013.
[41] K. Geels-Blair, S. Rice, and J. Schwark. Using system-wide trust theory
to reveal the contagion effects of automation false alarms and misses on
compliance and reliance in a simulated aviation task. The International
Journal of Aviation Psychology, 23(3):245–266, jul 2013.
[42] M. Blommer, R. Curry, R. Swaminathan, L. Tijerina, W. Talamonti, and
D. Kochhar. Driver brake vs. steer response to sudden forward collision
scenario in manual and automated driving modes. Transportation Research
Part F: Traffic Psychology and Behaviour, 45:93–101, 2017.
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[63] D. A. Drexler, A. Takács, P. Galambos, I. J. Rudas, and T. Haidegger.
Handover process models of autonomous cars up to level 3 autonomy. In
Proc. of the 18th IEEE Intl. Symp. on Computational Intelligence and Informatics, pages 307–312, 2018.

– 255 –

