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Shared control has gained considerable attention in the automated vehicle field

in recent years, both from a theoretical point of view and also with multiple

applications. The development of shared control systems was discussed in a

previous review, which presented a taxonomy focused on control algorithms.

However, it is still necessary to understand how these systems should be

assessed in terms of system performance, driver behavior, cooperation, and

road safety. This paper aims to review and classify evaluation methods used in

recent studies with real drivers. Results of the present review showed that

shared control continues to be of interest to researchers of automated vehicles.

The methodology for system evaluation has evolved, with more participants,

better testing platforms, and a greater number of comparison baselines. To

guide the path toward implementing shared control features in commercial

vehicles, this review aims to help researchers to perform relevant evaluation

studies in future developments.
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1 Introduction

Shared control in automated vehicles keeps gaining attention through the years. The

idea that drivers and automated vehicles can continuously cooperate at the control level

for safer driving is still the goal of many automotive technology researchers worldwide.

Starting from early studies (Griffiths and Gillespie, 2005), hundreds of technical works

have been developed in the form of driver assistance systems based on shared control.

Based on these works, recent reviews have concluded that shared control is a promising

approach that is worth to keep investigating (Abbink et al., 2018; Wang et al., 2020a;

Marcano et al., 2020).

The definition of Shared Control (SC) has long been unclear, which has led works

such as (Abbink et al., 2018) to propose what currently is the more widespread version: a

congruent human-automation interaction in a perception-action cycle to perform a

dynamic task that either the human or automation could execute individually under

ideal circumstances. This concept is different from one proposed by traded control (de
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Winter et al., 2022), in which the human operator delegates tasks

to the automation, supervises the automation, and occasionally

resumes manual control. Hence, while in traded control driving-

related tasks are switched between the two driving agents (driver

and automation), in shared control, they are both involved in the

same task at the same time. It should be noted that the use of

warning and decision support systems is not considered a shared

control technique, as they are intended for scenarios in which the

driver is the only driving agent. Similarly, systems such as

Electronic Stability Program (ESP), where the system detects

loss of steering control and performs individual wheel braking

corrections, cannot be considered shared control, as they imply

tasks that the human driver can not perform by itself (Abbink

et al., 2018).

Therefore, in shared control, both driver and automation

agents have the capacity to perform the driving dynamic task.

However, achieving a congruent interaction is a non-trivial

problem, as the actions of each agent at the operational level

may differ. For this reason, an arbitration system is required to

distribute the control authority between both agents (driver and

automation), based on the information received (Figure 1). The

variables used to perform this arbitration depend on the system

design and the particular use case. For instance, in a lane-keeping

system, the arbitration system may be based on the steering

behavior of the human driver: this way, if the driver opposes the

torque applied by the automation, the arbitration may give full

control to the driver, so that it can perform an overtaking, for

instance.

Moreover, the arbitration system may include a more

complex layer that evaluates the fitness of the human driver

to perform the driving task. This way, based on the data

provided by a Driver Monitoring System (DMS) (Nguyen

et al., 2017), the arbitration system may decide to reduce

the control of the driver and give it to the automation

system in order to maintain overall safety. The evaluation

of the fitness of the driver can also be performed by other

approaches, such as driver models, which predict the

behavior of the driver (Lazcano et al., 2021); or safety

variables such as Time to Collision (TTC) (Muslim and

Itoh, 2017) or Time to Lane Crossing (TTLC) (Marcano

et al., 2021).

The complexity of the arbitration system is closely related to

the complexity of the control algorithms required. For instance, if

the arbitration system outputs a constant predefined value, the

shared control output will be fixed. This is the case with basic

Lane-Keeping Systems, where the transitions between the control

of both agents are softened. However, in more complex scenarios,

where the driver or environment-related components are

involved, the arbitration is context-dependent, and more

flexible controllers are required. The implemented controllers

have to consider the balance between safety and comfort,

minimizing the conflict between the actions performed by the

driver and the automated system.

As previously stated, the basis of shared control is that the

human driver is maintained in the control loop. This concept is

apparently opposed to the effort in achieving increased levels of

automation, as the ones defined by SAE J3016 (J3016c, 2021),

where human driver duties are reduced as the level of automation

increases. However, recent works (Litman, 2022) have stated that

the complexity of achieving higher levels of automation will

impact on the time required to implement fully autonomous

vehicles. For this reason, automotive manufacturers such as

Toyota, are developing their technologies not only towards

full automation but also towards better collaborative behavior

between the automation and the driver (Bobier-Tiu et al., 2022),

by keeping the driver in the loop through the shared control

modality.

Following this same trend, the scope established by the

European Commission (Council, 2018) towards the future of

transportation until 2030 is looking for an enhancement of the

driver, rather than a substitution of it. This is clearly stated by

some of its key goals:

• Overridable ADAS systems: safety is positioned as the

main objective. Hence, the driver must still be the main

fallback in hazardous situations.

• Fitness to drive:Monitoring of the driver is encouraged to

avoid the use of the vehicle under improper conditions like

fatigue, distractions, or being under the effects of illicit

substances.

• Continuous training and education: in the scope of an

aging population, where the mean age of drivers is

increasing, the institutions want to make sure that all

licensed drivers are able to fulfill all driver tasks. This is

already an implemented practice in Japan, where every

time they renew their driving license, they need to take

some mandatory lectures1.

Based on these goals, multiple research projects2 related to

human-machine interaction in automated vehicles have been

proposed.

Consequently, it can be concluded that manufacturers and

institutions consider that the role of the driver will still be

important in the following years and that the development of

not only fully automated vehicles, but also cooperative control

approaches, such as shared control, is key in the future of

transportation. In fact, understanding the driver as an essential

agent in road transport brings the necessity to improve the

development, validation, and evaluation methods to study the

shared control systems. Our previous review (Marcano et al., 2020)

detailed the different works focused on the development and

1 https://www.japanlivingguide.net/living-in-japan/transportation/
renew-drivers-license/.

2 shorturl.at/hQW24.
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validation of shared control approaches, yet the evaluation

methodology considering the human driver was not considered.

For this reason, the goal of this work is to provide an

overview of the proposed works in the literature related to the

development and experimental evaluation using human drivers

of shared control systems. In this sense, the major contributions

of the paper are the following:

• To provide an updated status on how systems based on

shared control have been evaluated previously.

• To present a compilation and categorization of objective

and subjective metrics.

• To offer researchers a reference to develop future studies

for shared control systems in automotive.

The paper is organized as follows. Section 2 presents the

methodology followed for the literature review. In Section 3, the

collected works are described and classified. Section 4 presents a

classification of objective and subjective metrics focused on

shared control studies. Section 5 highlights the conclusions

and recommendations extracted from the review.

2 Methodology

The scientific literature for this review comes from various

databases, including Google Scholar, IEEE Xplore, and

ScienceDirect. Different keywords related to shared control in

automated driving were used, such as shared steering control,

haptic guidance, and steering torque. The literature search period

lasted 9 months from January to September 2022. To provide the

most recent status of the topic, only articles published since

2017 were considered. More than a hundred papers were found

to be published until August 2022, and from those, the following

selection criterion was applied to focus on those that

experimentally evaluated the shared control system with real

drivers:

• The work must be published in a scientific journal.

• The work proposes a shared control system, as defined by

Abbink et al. (Abbink et al., 2018).

• The shared control approach is designed for vehicle

automation applications using conventional actuation

mechanisms (steering wheel or pedals).

• The experimental evaluation must include at least five real

drivers.

From the initial search, a total of 20 papers were found to

match the selection criteria (see Table 1). It is important to note

that the focus of this review is the evaluation of the shared control

system performed through experimental studies with real drivers.

These studies imply higher complexity than those based only on

simulations1, as proper experiment design, recruitment, and

evaluation are required, which impacts in the detected

number of works. Hence, this review is carried out in two

phases, as shown in Figure 2. The first phase is the design of

the experiment which is composed of the driver participants, the

baselines, the use case, and the vehicle platform used in the study.

The second phase is related to the evaluation of the study results

through metric analysis, which is divided into three categories:

• Metric Type: A division is made between objective

(quantitative) and subjective (qualitative) metrics.

• Metric Category: Four high-level categories were defined to

encompass related metrics. One for theDriving Performance of

the system. Another one evaluates specificmetrics of theDriver.

A third one for the variables specific to the collaboration

(Interaction) between the driver and the automation in the

steering wheel, and one for the impact on road Safety. One

additional category is included for the subjective evaluation,

related to the Overall rating of the shared control system.

• Metric Variables: Each metric is assigned to a general

variable, which is a part of a category as shown in Section 4.

For example, for the objective metrics of Driving

Performance, two variables are included (Path following

and Control activity). Then different single metrics belong

to each variable.

3 Shared control studies design

Figure 3 compiles an overall description of the evaluation design

for the shared control approaches proposed in the 20 papers that

matched the selection criteria of Section 2 (see Table 1).

3.1 Number of papers

Figure 3A depicts a steadily increasing number of works per

year during the surveyed period. Note that the number reported

for the year 2022 only includes publications before August. Yet, it

already exceeds the total number of works for any full year prior

to 2020. Furthermore, if the second half of 2022 replicates the

first half, 2022 will exceed the 2021 number of papers. This

FIGURE 1
General structure of shared control systems.
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TABLE 1 Driver evaluation of shared control systems in automated driving.

Ref N Use case Baseline Adaptive Objective Subjective Platform Vx SS

LF EM CT MA LK FX OS OO FA DP IN DR SF DP IN DR SF DP IN DR SF OV ST DY VH Km/h

Flad et al. (2017) 10 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 130 ✓

Muslim and Itoh (2017) 48 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 80 ✓

Sentouh et al. (2018) 7 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 70 ✓

Saito et al. (2018) 24 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ? ✓

Benloucif et al. (2019) 6 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 90 ✓

Li et al. (2019) 6 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 72

Guo et al. (2019) 12 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 90 ✓

Li et al. (2020) 6 ✓ ✓ ✓ ✓ ✓ ✓ ✓ 90

Okada et al. (2020) 13 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 80 ✓

Wang et al. (2020b) 10 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 50 ✓

Marcano et al. (2021) 5 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 85

Lazcano et al. (2021) 19 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 100 ✓

Park et al. (2021) 18 ✓ ✓ ✓ ✓ ✓ ✓ ✓ 70 ✓

Luo et al. (2021) 12 ✓ ✓ ✓ ✓ ✓ ✓ ✓ 24 ✓

Wang et al. (2021) 18 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 50 ✓

van Dintel et al. (2021) 30 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 100 ✓

Maggi et al. (2022) 18 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 112 ✓

Pano et al. (2022) 17 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 65 ✓

Li et al. (2022) 11 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 54

Sonoda et al. (2022) 12 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ 30 ✓

USE CASE → LF, Lane Following; EM, Evasive Maneuver; CT, Control Transition.

BASELINE → MA, Manual; LK, Lane Keeping; FX, Fixed Shared Control; OS, Other Shared Control; OO, On/Off; FA, Fully Automated.

ADAPTIVE → DP, Driving Performance; IN, Interaction; DR, Driver; SF, Safety.

OBJECTIVE → DP, Driving Performance; IN, Interaction; DR, Driver; SF, Safety.

SUBJECTIVE → DP, Driving Performance; IN, Interaction; DR, Driver; SF, Safety; OV, Overall.

PLATFORM → ST, Static Simulator; DY, Dynamic Simulator; VH, Real Vehicle.

SS, statistical significance analysis.
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projection indicates an increased research effort in the evaluation

of shared control approaches in the last years.

3.2 Use cases

The use cases per year studied in the analyzed works are

shown in Figure 5B. These are classified into three main

automated vehicle applications of adaptive shared control.

• To support the driver in a lane following task.

• To support the driver in an evasive maneuver.

• To improve handover in control transition events (both

manual-to-automated and vice versa).

Note that some authors study the combinations of control

transition strategies with evasive maneuvers, thus the number of

use cases can be larger than the number of works. Overall, the three

use cases have been addressed equally in the scope of this review.

However, it is to be noted that as the number of works that focus on

this topic is small, high variation exists. Nevertheless, works related

to each use case exist in the last 3 years.

3.3 Adaptive parameter

A key feature of shared control applications is the adaptive

parameter, which modifies the level of haptic authority (in this

case, the magnitude of the steering wheel torque produced by the

lateral controller of the vehicle) (Abbink et al., 2012). The adaptive

parameter impacts the authority according to the design of the

arbitration system.

Figure 3C shows the distribution of the adaptive parameter

classified by the four categories defined in the methodology (see

Section 2). Most studies (48%) adapt the authority based on driver-

related variables, such as distraction, drowsiness, hands position, or

grip strength. Safety-related variables are the next option, with 28% of

the studies devising parameters such as time-to-collision, distance-to-

collision, time-to-lane crossing, or personalized driving risk indicators

(Li et al., 2019). Interaction (e.g., torque conflict anddriver torque) and

driving performance (lateral error, angular speed, etc.) related

parameters are equally addressed with 12% each.

3.4 Baseline

The proper evaluation of a use case application requires the

definition of appropriate baselines for comparison. Many studies

in the review (29%) use manual driving as a baseline, which is

consequent with shared control being a natural way to gradually

introduce automated support to the driver. 29% of the studies

benchmark against fixed authority (non-adaptive) shared control

as a baseline, which, besides being a simpler application of shared

control, comprises some commercial applications of lane

centering functionalities that support the driver in following

the lane without taking over full control of the vehicle. Next,

with 18% of the cases and with an increasing trend, studies

include comparison with other adaptive shared control strategies

FIGURE 2
Methodology used to obtain the literature review and the metrics categorization.
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as baselines, which points to an increasing spectrum of options

and iterations. 16% of the studied baselines fall in the on/off

transition group, which is mainly used to benchmark control

transition use cases. It is relevant to note, however, that only one

case reports a comparison to a traded-control strategy (as the

alternative to adaptive shared control) and thus, for the effects of

this review, falls within the on/off category. Another comparison

to commercially available approaches is the lane-keeping baseline

(5%), which allows the driver freedom to drive within certain

boundaries, with the automation only intervening when the

vehicle crosses lanes. Finally, even if one might expect that

the two limiting conditions for shared control (i.e. driver fully

in control vs. automation fully in control) would be common

baselines, that holds true only for manual driving, since

comparisons to fully automated driving only account for 3%

of the studies.

3.5 Platform

The experimental design of the studies is addressed in

Figure 4. More than half (55%) of the studies use driver-in-

the-loop static platform simulators, with all the limitations

they might have for the evaluation of driver perception of

haptic interactions. In 40% of the studies, dynamic platform

simulators are used, which provide a more complete set of

experiences for the participants, bringing haptic and inertial

sensations. However, it is also stated that they are prone to

produce motion sickness. In the scope of this review, the first

and only publication of an evaluation study of adaptive shared

control with a significant driver sample size performed on a

real vehicle appears in 2022.

3.6 Speed

Box plots on Figure 4B show that the studies have covered

a wide range of test speeds, from those typical of urban

scenarios to those common of highways (min = 24 km/h;

max = 130 km/h; mean = 75.9 km/h). It is also apparent

that there is a trend to have studies spread over a wider

speed range every year.

3.7 Number of participants

Adaptive shared control is inherently dependent on human

factors since the driver is an integral part of the system

FIGURE 3
Evaluation studies on adaptive shared control: algorithm design (12022 is surveyed only until August). (A) Papers published by year. (B) Use case
applications per year. (C) Adaptive shared control arbitration parameter categories studied per year. (D) Evaluation baselines studied per year.
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performing the driving task. As such, evaluation studies must

account for the variability introduced by the human in the loop

and perform tests with the participation of a significant amount

of subjects. The classified studies show sample sizes with a

minimum of five and a maximum of 48 participants, averaging

15.0 participants overall. As depicted in Figures 4A,C couple of

the first studies classified in this review (in years 2017 and 2018)

addressed larger numbers of participants, yet with simpler tests

and platforms. From 2019 onward, the sample sizes show a

slightly increasing trend, even under the effects of the pandemic

restrictions. All the works in the review that perform statistical

analysis (see Section 4) claim to have found some results with

statistical significance. Yet, it is noted that the sample size

required to warrant significant results depends on several

factors such as the nature of the test, and the variables or

metrics used, among others.

3.8 Age of participants

Test samples must not only be large enough to ensure the

statistical significance of the results, but they must also be

representative of the population of interest. Thus, as the age

range of drivers (as potential users of adaptive share control)

is very wide, and since age might be a conditioning factor on

driver behavior, fitness, and technology acceptance, the

information available about the participant’s age in the

studies is compiled in Figure 4D. Some studies report

average age, some report a range (maximum/minimum),

and some report standard deviation, in different

combinations (including some that provide no

information). The available data are depicted for each

individual study, grouped by the year of publication. The

minimum reported age is 20 years and the maximum 62,

while the reported means go from 22 to 40 (averaging

29.4 years). In the last years, the information tends to be

more complete and the samples seem to more uniformly

cover a wider range of ages. Yet, younger participants

seem to be predominant in the tests, particularly in the

years with stronger pandemic-related restrictions. Elder

drivers (over 60) have not been addressed.

4 Shared control studies evaluation

The articles reviewed in this work show some tendencies in

terms of how shared control systems are evaluated. This section

gathers these guidelines with respect to what are the most

commonly evaluated metrics, and how they are subsequently

analyzed.

FIGURE 4
Evaluation studies on adaptive shared control: experimental design (12022 is surveyed only until August). (A) Platform types employed per year.
(B) Test speeds studied per year. (C) Number of participants per study by year. (D) Age of participants per study by year.
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4.1 Shared control metrics

After collecting all the used metrics from each study, the

studied variables have been rearranged in order to obtain a

general categorization of the shared control evaluation

metrics. Following the main blocks of shared control shown

in Figure 1, the metrics have been divided into four main

categories:

• Driving performance: metrics related to the quality of the

driving output obtained through the action of both the

driver and the automation.

• Interaction: metrics related to the variables measured in the

driving interface, that is, the steering wheel. As the steering

wheel is the control actuator for both agents, the

interaction metrics provide the measure of their

collaborative behavior.

• Driver: metrics related to the driver’s status and feelings.

• Safety: metrics related to the effectiveness of the system to

prevent accidents.

Additionally, it could be interesting to add a category of

variables, parallel to the Driver ones, related to the Automation

Status. It is to be expected that, in actual applications of shared

control, variables related to the capability and reliability of the

automation, which might be affected by ODD, weather

conditions, system malfunctions, etc., will be addressed.

Variables like the AD level provided by the system, the

uncertainty in the environment perception, or the state of

specific equipment are candidates for adaptive parameters

that modify the authority. However, this is not observed in

the current literature, probably because most of the studies are

performed in driving simulators, where the automation

system conditions are ideal. Thus this category has not

been exploited here. Yet, it might be logical to assume that

as the number of tests in real vehicles increases, their status-

related variables will be studied.

In the following subsection, the gathered metrics from the

reviewed studies are sorted into the aforementioned categories,

both quantitatively and qualitatively.

4.1.1 Objective metrics
This section focuses on the variables from the studies

analyzed which were evaluated by measuring a specific metric.

The collected variables and metrics are shown in Table 2.

Regarding the data provided in this table, the following

remarks have to be taken into account:

• The aim of this review is not to show all the possible

variables related to shared control in each category, but to

FIGURE 5
Evaluation studies on adaptive shared control: test metrics (12022 is surveyed only until August). (A) Objective metric categories per study by
year. (B) Subjective metric categories per study by year. (C) Subjective test type per study by year. (D) Data significance analysis per study by year.
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TABLE 2 Objectives metrics categories for evaluation of shared control systems in automated driving.

Category Variables Metrics

Driving
performance

Path following Lateral position Flad et al. (2017), Sentouh et al. (2018); Li et al. (2020), Okada et al. (2020), Wang et al.
(2020b), Marcano et al. (2021), Lazcano et al. (2021), Park et al. (2021), Luo et al. (2021),
Wang et al. (2021), van Dintel et al. (2021), Maggi et al. (2022), Pano et al. (2022), Li et al.
(2022)

Heading Li et al. (2020)

Yaw rate Saito et al. (2018), Li et al. (2020), Okada et al. (2020), Maggi et al. (2022)

Curvature Li et al. (2019)

Control activity Angular steering rate Saito et al. (2018), Okada et al. (2020), van Dintel et al. (2021), Maggi et al. (2022), Li et al.
(2022)

Max steering wheel angle Saito et al. (2018), Wang et al. (2020b), Wang et al. (2021)

Automation torque (Ta) Flad et al. (2017), Li et al. (2020), Marcano et al. (2021), Lazcano et al. (2021)

Driving oscillation frequency Maggi et al. (2022)

Steering wheel reversal rate Muslim and Itoh (2017), Okada et al. (2020), Pano et al. (2022)

Driver torque (Td) Saito et al. (2018), Wang et al. (2020b), Marcano et al. (2021), Pano et al. (2022)

Interaction Consistency ratio Td and Ta with the same sign Lazcano et al. (2021), Benloucif et al. (2019)

Torque conflict Td and Ta with the opposite sign Lazcano et al. (2021)

Resistance ratio Time the Ta is opposing Td (Td
> Ta)

Lazcano et al. (2021), Benloucif et al. (2019)

Contradiction ratio Time the Td is opposing the Ta (Td
< Ta)

Lazcano et al. (2021)

Interaction
performance

Steering wheel reversal rate Guo et al. (2019), Lazcano et al. (2021)

Driver Workload Driver torque Benloucif et al. (2019), Guo et al. (2019), Okada et al. (2020), Luo et al. (2021), Wang et al.
(2021), Maggi et al. (2022), Pano et al. (2022)

Steering wheel reversal rate Park et al. (2021)

Physiological variables Xiong et al. (2016)*

Surface electromyography (sEMG) Wang et al. (2020b), Wang et al. (2021)

Reaction time Braking reaction time Muslim and Itoh (2017)

TOR time van Dintel et al. (2021)

Re-engagement time Maggi et al. (2022)

Attention level Eye gaze Nguyen et al. (2017)a

Grip strength Wang et al. (2020b)

Head position Nguyen et al. (2017)a

Drowsiness Eye blinking Nguyen et al. (2017)a

Eye aperture Nguyen et al. (2017)a

Secondary tasks Task duration Körber et al. (2016)a

Secondary task performance Benloucif et al. (2019)

Driver visual demand Object recognition speed Luo et al. (2021), Mars et al. (2014)a

Comfort Lateral acceleration Wang et al. (2021), van Dintel et al. (2021)

Safety Control loss Out of boundary automation
metrics**

Li et al. (2019), Okada et al. (2020)

Collision N of collisions Muslim and Itoh, (2017)

Distance to obstacle van Dintel et al. (2021)

Time to collision Muslim and Itoh, (2017), van Dintel et al. (2021)

Departures Time to lane crossing Marcano et al. (2021), Maggi et al. (2022)

Max lateral error Lazcano et al. (2021), van Dintel et al. (2021)

aRefers to papers out of the studied 20 references, but make exemplary use of the corresponding metrics.
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show the most relevant ones, according to the most

relevant studies on this topic.

• Many studies differentiate between a metric and its derived

calculations. For the review, the extrapolated calculations

have been grouped and are considered under the umbrella

of the original metric.

• Some metrics are repeated along different variables and

categories. A good example of this is the driver torque or

the steering wheel reversal rate. The reason for this is that,

depending on the variable of interest, one metric can be

proven to be useful to measure different variables. In the

case of the driver torque, for instance, it is used to measure

the control activity of the vehicle, the interaction between

the driver and the automation, and to measure the

workload of the driver. In each of the cases, metrics

derived from the driver’s torque might be used.

• The references marked with an * are shared control papers

which did not pass through the methodological filter.

However, it has been observed during the research that

topics like Attention level, Drowsiness, or Secondary tasks

are very frequent in shared control. For that reason, specific

shared control papers with representative use of those

metrics have been added to complete these tables.

As shown in Figure 5A, the Driving Performance category

metrics are the most used ones. Regardless of the use case,

most of the studies evaluate the path following performance

and the control activity of the system. This is observed in

metrics such as the lateral position, yaw rate, and angular

steering rate, which are present in most of the studies.

However, the number of different metrics is not very high.

This implies that obtaining the driving performance of a

system is a more mature study case.

The second most used metrics are related to the driver. This

time, however, the number of variables evaluated is higher. There

are more variables associated with different use cases of the

driver, and they are not so frequently repeated along different

papers. In many cases, getting these metrics requires some

specific equipment, varying from easy-to-obtain torque

signals, to a more elaborated driver monitoring system with

eye gaze tracking or head position detection. Other cases go

further beyond and measure physiological signals, which are

intrusive for the driver and may influence the use case, if not

properly used.

Regarding the interaction variables, they are mainly

evaluated based on the driver and automation torque. Here,

the steering wheel takes a major role, as both the driver and the

automated system act over the vehicle actuation mechanism, and

they both receive information from it. So, it has the double

functionality of an actuator and a haptic HMI. However,

interaction variables are not so extensively studied (they are

the least studied out of the four categories), so there is yet little

consensus about what are the main variables that describe best

the interaction.

Finally, most of the safety-related metrics are associated with

obstacle avoidance and lane-keeping use cases, where collisions

or lane departure situations may arise. Yet, they play a minor role

in these studies. Only 35% of the studies objectively evaluate the

safety impact of the shared control system. If shared control is

going to be an alternative to autonomous driving, more efforts

should be done not only to demonstrate that the interaction

between driver and automation is comfortable, but also that an

improvement in road safety is achieved. Therefore, more safety

analyses are expected in upcoming evaluation studies.

4.1.2 Subjective metrics
These metrics are related to the perception of the

participants. Due to the related subjective human factors, it is

easy to fall into biased results, so they require a methodological

approach and a significant population sample to be properly

evaluated.

The variables measured qualitatively from the previous

studies are summarized in Table 3. To provide a better

correlation across objective and subjective measures, the main

categories have been maintained for both cases. The common

way to measure qualitative metrics is through questionnaires.

This can be differentiated into two categories: standardized

questionnaires and ad-hoc questionnaires (Figure 5C).

Standardized questionnaires have higher reliability in their

results as they have been thoroughly tested. However, they

require more planned and structured studies. In the table, the

standardized metrics are marked with an asterisk (*), and they

are related to usability, trust, acceptance, and workload. Ad-hoc

questionnaires are designed by the researchers carrying out the

study. They are used to get more specific information, but it is

important to keep a methodological workflow to avoid biasing

the experiments. In most cases, scales are used to obtain numeric

data on the different variables, with regard to subsequent

statistical analysis.

Apart from the four main categories, an extra category of the

overall system has been added, as it is widely used in the reviewed

works. This is especially useful to have a general overview of the

system and serves for comparison with the tendency of the

objective measures.

Regarding the number of metrics per category, it can be

observed in Figure 5B that the main studied ones are the

driver and the interaction, while the driving performance

has a clear decrease compared to the objective

measurements. This comparison suggests that, when

having the possibility to measure both cases, objective

data is preferred, while interaction and driver-related

data can be more easily obtained through questionnaires

rather than using specific equipment for objective measures.

However, using both sources of data, where the subjective
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TABLE 3 Subjective metrics categories for evaluation of shared control systems in automated driving.

Categories Variables Metrics

Driving
performance

Path following Self-rating of LK performance Flad et al. (2017)

Performance and guidance level Sentouh et al. (2018)

Control Activity Ease of trajectory control Guo et al. (2019)

Control: Likert scale (0–100) Lazcano et al. (2021)

Interaction Collaborative behavior Reduction of conflict Lazcano et al. (2021)

Efficiency of regaining control Guo et al. (2019)

Do you fit in well with the system Li et al. (2022)

Usefulness Usefulness of the intervention Flad et al. (2017)

System Usability Scale* Liu et al. (2021)

Did you feel that the assistance system helped you? Pano et al. (2022)

Is the system useful? Liu et al. (2021)

Ease of use How easy was it to take driving control from the ADS Okada et al. (2020)

Ease of obstacle avoidance Benloucif et al. (2019)

Smoothness How much torque reaction force did you feel when receiving control from the ADS Okada et al. (2020)

Did you feel that the transition was smooth (gradual and seamless)? Pano et al. (2022)

Did you feel that your interaction with the system was harmonious? Marcano et al. (2021)

Smooth control transition Lazcano et al. (2021)

Disturbance Strength of ADAS intervention Flad et al. (2017)

Frequency of ADAS intervention Flad et al. (2017)

The driver felt disturbed or interfered? Park et al. (2021)

What was the level of intrusiveness of the system? Pano et al. (2022)

Did you have the feeling that the system was too intrusive? Marcano et al. (2021)

Driver Trust To what extent do you think the system is worthy? Muslim and Itoh (2017)

How calmly could you drive when holding the steering wheel? Okada et al. (2020)

Jians Trust scale* Luo et al. (2021)

Acceptance
(satisfaction)

To what extent do you think you would like to use the system in the real world? Muslim and Itoh (2017)

Self-assessment Manikin* Park et al. (2021)

Satisfaction, Likert scale Park et al. (2021)

Van der Laan Assessment of Acceptance* van Dintel et al. (2021)

Comfort Feeling of comfort Guo et al. (2019)

Comfort: Likert scale (0–100) Sentouh et al. (2018)

Comfort Griffiths and Gillespie (2005), Abbink et al. (2018), Marcano et al. (2021), Wang et al. (2020a), de Winter et al.
(2022), Nguyen et al. (2017), Lazcano et al. (2021), Muslim and Itoh (2017), Marcano et al. (2021), J3016c (2021), Maggi
et al. (2022)

Does the system make you comfortable? Li et al. (2022)

Workload Workload: Likert scale (0–100) Sentouh et al. (2018)

Workload Griffiths and Gillespie (2005), Abbink et al. (2018), Marcano et al. (2021), Wang et al. (2020a), de Winter et al.
(2022), Nguyen et al. (2017), Lazcano et al. (2021), Muslim and Itoh (2017), Marcano et al. (2021), J3016c (2021), Maggi
et al. (2022)

NASA TLX* Saito et al. (2018), Wang et al. (2020b), Luo et al. (2021), Wang et al. (2021), Li et al. (2022)

Are you easily fatigued? Li et al. (2022)

Sense of control Driver in control or fully dominated Flad et al. (2017)

To what extent do you think you had the situation under control Muslim and Itoh (2017)

Control feeling Benloucif et al. (2019)

Feeling of being in control (Lazcano et al., 2021)

Secondary task Did you have the feeling that you were free to perform the secondary task? Marcano et al. (2021)

Did you feel the system required your continuous monitoring of the situation? Marcano et al. (2021)

Safety Perceived safety Safety: Likert scale (0–100) Sentouh et al. (2018)

(Continued on following page)
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measures complement the objective one, is the

preferred case.

4.2 Data significance analysis

As the human factor is, by definition, a key parameter in

shared control applications, the statistical significance of the

results derived from the studies needs evaluation. Figure 5D

shows that 80% of the studies reviewed perform a statistical

significance analysis of their results. Furthermore, 62% of them

carry out an Analysis of variance (ANOVA), showing it as the

main statistical tool for the analysis of the results in shared

control studies.

Table 4 shows the distribution of the statistical methods

used by the different authors in the reviewed studies. The

different approaches have been categorized regarding the

number of independent data samples used (rows) and the

type of data (columns). The table is structured from top to

bottom and center to side. The studies that make use of the

corresponding method are referenced in the table.

Regarding quantitative data, most of the reviewed studies

seek statistical significance through the Analysis of Variance

(ANOVA) approach. This method allows for relating and

comparing multiple variables related to different samples. In

many cases, it is observed that this approach is used to

compare different driving modes. In others, different

driving scenarios or driver states are considered

independent factors.

When considering 1-way or 2-way ANOVA tests, repeated

measures ANOVA are mainly used. For that, within-subject tests

are performed, where the same participants test different driving

modes or scenarios. For instance, when comparing driving

modes, the participants testing the baseline mode are the

same ones testing the shared control system. This increases

the statistical power and requires fewer participants for the

tests (a between-subjects test would require a new group of

participants per sample).

However, ANOVA tests in general, and repeated

measures ANOVA particularly, require specific care for

proper use, as they incorporate the prerequisites of

randomness, independence, and normality. That is, the

TABLE 3 (Continued) Subjective metrics categories for evaluation of shared control systems in automated driving.

Categories Variables Metrics

Did you get the impression that the system guaranteed your safety? Pano et al. (2022)

Did you feel that your security was ensured by the system? Marcano et al. (2021)

Effectiveness To what extent do you think driving with the system improved safety? Muslim and Itoh (2017)

Overall General evaluation Overall driving performance Benloucif et al. (2019), Marcano et al. (2021)

*Standardize metrics.

TABLE 4 Data significance analysis for evaluation of shared control systems in automated driving.

Categorical data Number of
samples

Quantitative data

1 sample proportion One sample 1 sample t-test

2 sample proportion

Wilcoxon rank sum test Muslim and Itoh (2017) Two samples 2 sample t-test

Chi-square test Muslim and Itoh (2017)

Chi-square test

Wilcoxon signed rank test Sentouh et al. (2018), Maggi et al.
(2022), Okada et al. (2020)

Paired two samples Paired t test Flad et al. (2017), Benloucif et al. (2019)

One-Way ANOVA Saito et al. (2018)

One-Way repeated measure ANOVA Guo et al. (2019), Okada et al. (2020), Lazcano
et al. (2021), Luo et al. (2021), Wang et al. (2020b), Maggi et al. (2022), Pano et al.
(2022), Sonoda et al. (2022)

Kruskal–Wallis test Lazcano et al. (2021) Three or more
samples

Two-Way ANOVA Saito et al. (2018)

Two-Way repeated measure ANOVA Muslim and Itoh, (2017), Okada et al. (2020),
Luo et al. (2021), Wang et al. (2021), Park et al. (2021), van Dintel et al. (2021), Pano
et al. (2022)
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order of the tests should not influence the results, the

obtained data samples must be independent and all groups

must have the same variance (as the null hypothesis assumes

normal distribution). Firstly, when doing within-subjects

tests, the order of the tests must be counterbalanced or

randomized to seek randomness in the tests. Secondly,

learning effects or fatigue may affect the independence of

the tests, so special care should be taken with the duration of

the tests and the pre-tests practices. Thirdly, uneven

variances in samples may result in biased and skewed test

results. To avoid this, direct comparisons between two

groups (like t-tests) may simplify and reduce the

probability to misuse the ANOVA.

Just two studies, (Muslim and Itoh, 2017), and (Saito et al.,

2018) performed an unpaired between-subject test, requiring a

higher effort in time and the recruitment of participants for the

studies. Typical statistical tests, like a t-test (and their categorical

equivalents), are included in the table to stress that paired tests

and three or more sample tests are the predominant profile of

study in this area.

For ANOVA tests, once overall statistical significance is

found, follow-up tests are conceived, to assess which specific

groups or variables statistically differ from each other. It is

observed that in most cases, there are no a priori defined

tests, and studies mainly fall in the post hoc test side. In this

case, the most used tests are the Bonferroni corrections,

Tukey HSD, Fisher-Hayter, and Bartlett’s tests.

On the other side, regarding categorical data, the most

extended tests are the Wilcoxon rank sum test and the

signed-rank test. These tests have been observed in this review

to be particularly useful for qualitative results analysis, as the type

of data is non-parametric, and the number of participants is not

large enough to assume it has a normal distribution (by the

central limit theorem). The same applies to the Kruskal–Wallis

test, also known as the 1-way ANOVA on ranks.

5 Concluding remarks

This paper presents a review of the evaluation methodologies

used in shared control systems that have been tested with real

drivers over the last 6 years. In addition, a categorization of the

most common metrics was performed, for both types of metrics:

objective (categorized in Driving Performance, Driver,

Interaction, and Safety) and subjective (using the same

categories with the inclusion of the Overall performance).

FIGURE 6
Guideline to perform an evaluation study for shared control in AV, according to the review findings.
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Moreover, Figure 6, shows a guideline to use this review as a tool

to help in the design and development of evaluation studies for

shared control systems in automated vehicles.

In addition, the main findings of this review are summarized

below:

• Number of works: The results show that interest in shared

control for AVs continues to grow over the years, not only

in algorithm development and validation but also in system

evaluation by real drivers, predicting the increasing

maturity of this technology.

• Use cases: Lateral shared control keeps being studied to a

greater extent compared to longitudinal control applications

(i.e., haptic pedals). Lane following, evasive maneuvers, and

control transition are well distributed between the use cases.

Yet, the latter is being studied more in the last 2 years. This is

an important aspect because, as noted by Abbink et al.

“Shared control finds its highest safety utility in

circumstances where situations and conditions can rapidly

change beyond the envisioned design boundaries of the

robot, and where rapid adaptation in human involvement

is needed to maintain system integrity”.Therefore, the study of

control transitions, especially due to unexpected events where

a takeover request is made, is a scenario that should be

evaluated on a larger scale to demonstrate if shared control

can help in adjusting the driver from the supervisor role to the

driving role.

• Baselines: Development of SC algorithms is flourishing

and different researchers and groups are addressing a

great variety of options and strategies, where even

different SC strategies are being compared in many

evaluation studies. Thus, firm ground for evaluation

and comparison is needed at this point to help on

shaping future developments and their actual

implementations. In particular, comparison against

traded control, as the competing technology, has not

been properly addressed yet, and therefore it is

encouraged in upcoming studies (similar to (van

Dintel et al., 2021)), as only a few have investigated

the effects of the shared and traded control modalities in

scenarios where a take-over request is issued.

• Adaptive parameter: Most studies (48%) adapt the

authority based on driver-related variables. Of

particular interest is the growing number of works

addressing systems dependent on the driver state. This

is relevant at least for two aspects. First, inappropriate

driver state while driving is a known major cause of

vehicle accidents (Singh, 2015). Second, as stated by

Abbink et al. (Abbink et al., 2018) in their axioms of

shared control “shared control finds its highest

performance utility in circumstances where a human’s

situated control, perception, or cognitive ability is the

main limiting factor for the combined performance, and

where the robot complements these human abilities”. In

this sense, support for distracted drivers is an application

where shared control can provide enormous benefits for

the driving task.

• Platform: In line with the previous review (Marcano et al.,

2020), driving simulators are the preferred method for

testing shared control systems. Dynamic driving

simulators appear to be more commonly used according

to the present review. Additionally, as a milestone for

shared control in automated vehicles, Sonoda et al.

presented the first driver study in a real car (Sonoda

et al., 2022) ((Erlien et al., 2016) back in 2016 used an

experimental platform).

• Speed: Test speed ranges are growing, and tend to cover the

full spectrum from urban (30 kph) to highway (120kph).

• Participants: Sample sizes average 15 participants and the

later ones tend to cover relatively well a wide driving age

range, yet, in general, the younger drivers are predominant

and no elder drivers have been addressed.

• Objective metrics: Most metrics focus on driving

performance, and driver-related variables, while very few

study the driver-automation interaction in terms of

cooperation while driving. Hence, new correlations are

yet to be found for a better comprehension of the

collaborative behavior between the driver and the

automation.

• Subjective metrics: Most metrics focus on driver-related

variables, and the interaction is evaluated with more

emphasis in comparison to objective metrics. Most

subjective evaluation tools are ad-hoc questionnaires.

Standard questionnaires are more related to driver trust,

acceptance, and workload. Additionally, subjective studies

may present high dispersion in the results, so they require a

significant effort in gathering the appropriate number of

participants and having a methodological procedure to

avoid falling into study biases.

• Results analysis: within-subject experiments with

paired data samples are the most used type of studies

in this field, which allow having fewer participants to

obtain statistical significance. The most used method is

the repeated measures ANOVA. However, drawbacks of

order effects, data independence, and even variances in

samples may hinder the attainment of correct results. To

avoid that, counterbalancing or randomizing the order

of the tests, fatigue and learning effects avoidance, and

avoiding uneven variances in samples are encouraged

practices.
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