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Abstract

Autonomous driving systems (ADS) have been widely tested in real-world environments with opera-
tors who must monitor and intervene due to remaining technical challenges. However, intervention
methods that require operators to take over control of the vehicle involve many drawbacks related
to human performance. ADS consist of recognition, decision, and control modules. The latter two
phases are dependent on the recognition phase, which still struggles with tasks involving the predic-
tion of human behavior, such as pedestrian risk prediction. As an alternative to full automation of
the recognition task, cooperative recognition approaches utilize the human operator to assist the
automated system in performing challenging recognition tasks, using a recognition assistance
interface to realize human-machine cooperation. In this study, we propose a recognition assistance
interface for cooperative recognition in order to achieve safer and more efficient driving through
improved human-automation cooperation. A simulator experiment with 18 participants is conducted
to evaluate our recognition assistance interface in comparison with a conventional control interven-
tion, in terms of driving safety, efficiency, and usability. Recognition of pedestrian crossing intention
is selected for the cooperation task, and driving scenarios in which the automated system cannot
reliably recognize the crossing intentions of pedestrians at non-signalized locations are selected as
the driving scenario. Statistical analysis of our experimental results reveals that the proposed recog-
nition assistance interface allowed more accurate operator intervention, was easier to use, and
achieved more stable vehicle control than the control intervention. We also found that sharing the
recognition information of the automated driving system with operators could divide their attention,
impairing intervention performance. Our experimental results suggest that the unifying presentation
of the system recognition information and the operator’s manipulation target on the touchscreen
of the user interface addresses this problem.
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. Introduction

evel 3 autonomous vehicles [1] are now being tested and

commercialized, bringing us closer to the realization

of fully automated driving. Currently, when an autono-
mous driving system (ADS) is unable to appropriately control
the vehicle, the operator must take over the driving task to
ensure safety. However, these control phase interventions
involve many challenges, which include requiring the operator
to maintain a high level of situational awareness [2, 3], the
need for excellent driver response and driving ability [4, 5],
difficulty in smoothly handing over control [6], driver over-
confidence in the automated system [7, 8], and misuse or
disuse of the automated system [9].

To address these challenges, interfaces that allow quick
and effortless takeover [6, 10, 11], or that facilitate driver
understanding of the internal state of the autonomous system
[12, 13, 14], have been proposed. However, as the performance
of ADS improves and approaches Level 4 automation [1], inter-
vention frequency decreases, making quick and accurate
operator intervention more difficult. Therefore, recognition
performance and driver intervention problems are inevitable,
and we expect that human-automation cooperation during
the ADS recognition phase (i.e., cooperative recognition) is a
promising solution to them.

Automated driving systems operate vehicles in three
stages: recognition, decision, and control. Both the decision
and control phases are carried out based on the information
obtained during the recognition phase. However, recognition
of the risks is still difficult to accomplish with 100% accuracy
for automation due to the recall-precision trade-off. For
example, if a recall is prioritized, the ADS becomes more
safety oriented, but driving performance in terms of efficiency
is reduced due to overcautious misrecognitions [15, 16, 17].
If precision is prioritized, efficiency is improved, but safety
is reduced due to omissions. It is therefore difficult to balance
both safe and efficient driving. This problem exists in
advanced tasks (e.g., behavior prediction of the other road
users) and even simple tasks (e.g., object detection, traffic
light classification).

To address this problem, in this study, we propose a
method of human-automation cooperation during the recog-
nition phase that utilizes human strengths such as intuition,
prior experience, and understanding of appropriate interac-
tion with other road users, abilities which allow more accurate
processing of advanced recognition tasks. This cooperation
is achieved through the use of a recognition assistance inter-
face which shares recognition information generated by the
ADS with the operator, allowing the operator to intervene in
difficult recognition tasks. The interface is designed to present
recognition results to the operator that the ADS recognizes
as ambiguous or risky (i.e., possible recognition of false posi-
tives) and the operator is then tasked with eliminating recog-
nition results that do not actually pose a risk. An overview of
this process is shown in Figure 1. This design solves the recall-
precision trade-off and eliminates the task of evaluating false
negatives from the operator’s task, which is recognized as
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m Relationship between ADS and human operator
during cooperative recognition. The recognition information of
the automated system is shared with the operator. The
operator interprets only the task-related context and then
intervenes in the recognition process of the system (red
arrows). The operator does not need to understand the entire
driving environment or take control of the vehicle

(dashed arrows).

Autonomous driving system
Recognition]—ib[ Decision H Control ]
7 3
Share

Intervention
! e X

Human operator ] ------ i éﬂi'é"(')"{;i

Retrieve

© Atsushi Kuribayashi, Eijiro Takeuchi, Yoshio Ishiguro,

Alexander Carballo, Takeda Kazuya

Cooperative recognition

being very difficult. Furthermore, tasks that are critical to
driving safety are not allocated to the operator, a division of
labor that takes into account the possibility of human error
during interventions [18, 19, 20, 21].

Thus, the objective of our study is to realize safer and
more efficient automated driving through better human-
automation cooperation. “Efficient driving” in this study is
driving that avoids unnecessary evasive action due to recogni-
tion errors and achieves smooth control of the vehicle.
Therefore, the recognition assistance interface should allow
quick and accurate intervention by the operator during the
recognition phase as this allows the system to avoid drastic
changes in vehicle control, such as when the ADS must
perform emergency safety braking due to operator interven-
tion errors. Recognition phase intervention also allows higher
cruising speeds. In this study, we also clarify the design of
cooperative recognition systems and how such approaches
can be used to realize safe and efficient driving.

The proposed recognition assistance interface was imple-
mented within an existing ADS, and a simulator experiment
was conducted with 18 participants to evaluate differences in
the performance of cooperative recognition and control inter-
vention in terms of driving efficiency, safety, and usability
(i.e., user workload, user preference, and time required for
intervention). Pedestrian risk recognition [22, 23] at a non-
signalized location was selected as the recognition task
requiring cooperation between operators and the ADS.
Although pedestrians are the most vulnerable road users, it
is difficult for automated systems to accurately predict their
behavior because they are not part of the flow of traffic. In
contrast, humans can fairly accurately predict pedestrian
behavior based on traffic conditions, prior experience, and
subtle cues related to human behavior.
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The recognition assistance interface proposed in this
study consists of two user interfaces, a display for sharing
recognition information from the ADS and an input device
for operator intervention. Previous studies on ADS and the
human factor have revealed that sharing the internal state [12,
13, 14, 24, 25] or intention [26] of an automated system with
the user promotes an appropriate mental model and improves
the situational awareness of the user. However, other studies
[27, 28, 29] have revealed issues, such as information overload
and the trade-off between display cluttering and divided atten-
tion, when system information is shared with users. The
heads-up display (HUD) and head-mounted display have been
considered as solutions to these issues, i.e., unifying informa-
tion from the automated system and information from the
outside world. This article also examines these issues in the
context of cooperative recognition. We hypothesized that a
touch display would be an appropriate solution because it is
a familiar in-vehicle user interface which can be used to unify
ADS recognition information, external world information,
and input commands. To test this hypothesis, the effects of
sharing recognition information with operators, as well as the
effects of differences in the design of the user interface, were
also evaluated.

The contributions of this article are as follows:

* We clarify the design of a recognition assistance
interface for safer and more efficient automated driving,
as well as for better human-automation cooperation.

* We implement a recognition assistance interface in an
existing ADS, realizing cooperative recognition of
pedestrian crossing intention.

* We reveal issues in the design of cooperative recognition
systems from a cognitive aspect and propose a user
interface that integrates the manipulation target and the
information display. Such as a touch display could be the
key to improving usability and to exploiting the
potential of cooperative recognition.

Il. Related Work

A. Human-Vehicle Interaction

Cooperative driving, in which the vehicle assists the human
driver with steering and acceleration, has been widely studied.
According to the classification system created by SAE
International [1], these systems are classified as Level 2 auto-
mation. Although our research target is Level 3 systems and
higher, we refer here to interface design issues explored in
previous studies.

H-mode [30, 31, 32], named for the interaction between
a rider and horse, is a cooperative driving method in which
the driver is always in contact with the autonomous system
through an interface and interactively controls the vehicle. A
joystick, which is common in the aviation domain, and haptic

feedback from the autonomous system have been used as the
interfaces. Although different in modality, what H-mode and
our recognition assistance interface have in common is that
the autonomous system and the human operator are always
connected and cooperate via a user interface.

Advanced driver assistance systems (ADAS), such as
Adaptive Cruise Control and Automated Emergency Braking,
are cooperative systems in practical use [33, 34, 35], and
various interface methods and modalities have been proposed
for these systems. Tactile vibration through the steering wheel
is often used for control assistance [36, 37]. Head-down display
[38], HUD [39], and augmented reality HUD (AR-HUD) [40,
41] are popular interfaces for cognitive assistance, such as
displaying risks in the local environment. Although AR-HUD
interfaces have become popular in the current literature, there
are practical issues with this approach, such as binocular
parallax, calibration, and limited field of view. As for the
manipulation interface, in addition to the conventional
steering wheel and pedals, joysticks [42, 43], voice and gaze
[44, 45], hand gestures [46, 47], and touch displays [47, 48]
have been studied.

As ADAS and automated driving systems have been
developed, the out-of-the-loop state [34, 49] and driver trust
in the autonomous system have become important issues. A
higher level of trust often results in overconfidence, and low
levels of trust lead to the disuse of these systems [9, 50].
Excessive trust, also known as “overconfidence” or “overreli-
ance,” can also cause safety degradation due to misuse [7, 8].
Maintaining an appropriate level of user reliance on autono-
mous systems is crucial for safe operation. Sharing the internal
information of the automated system, such as its confidence
level [14, 24], capabilities [25], and perception information [13,
51], has been shown to be effective in maintaining an appro-
priate level of trust. Therefore, our proposed method shares
the recognition information of the autonomous system with
the operator, which is expected to facilitate a better under-
standing of the capabilities of the autonomous system and
suppress overconfidence.

B. Human-Automation
Cooperation in
Autonomous Driving

During cooperative driving with Level 3 or 4 automated
systems, the operators are generally assigned to monitor the
driving of the autonomous system, taking over control of the
vehicle only when necessary. The challenges in such control
phase cooperation are maintaining the operator’s situational
awareness [2, 3, 52], communicating takeover requests [53,
54, 55], and safety during control transitions [6, 11]. The design
of takeover requests in emergency and nonemergency situa-
tions has been well studied, and auditory, visual, tactile, and
multimodal interfaces have been investigated [56, 57, 58, 59].
However, surveillance and takeover are cognitively and physi-
cally demanding for operators [66]. Our approach to solving
these challenges is to change the phase of human-automation
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cooperation from the control phase to the recognition phase.
However, other cooperative driving approaches have focused
on the decision and prediction phases of autonomous driving.
The German Research Foundation (DFG) proposed the
Conduct-by-Wire method, in which operators input discrete
maneuver commands instead of control inputs [47, 60, 61, 62],
which is an intervention in the decision-making phase of the
ADS. PieDrive was proposed as a project outcome [63]. Walch
et al. [48, 64] also proposed cooperation in the decision-
making phase, abstracting the input commands of the
conduct-by-wire method to allow operators to choose from
among several commands. The advantage of these methods
is that they do not require continuous vehicle control and thus
require less physical load, but operators need to be able to
quickly and accurately perceive all of the risks that are present
in the surrounding environment when performing interven-
tions. In contrast, when using a recognition assistance inter-
face, operators are only required to assess specific elements
within the surrounding environment.

Chao et al. [44] proposed and evaluated a framework for
operator intervention during the prediction of the trajectories
of surrounding vehicles in non-safety-related situations.
Operators monitored autonomous driving and alerted the
system using gaze and voice commands when they sensed
danger. The vehicle trajectory prediction was then modified
based on the operator’s intervention, changing the driving
behavior of the ego vehicle. The strengths of this method are
that the operator does not need to intervene in maneuvering
the vehicle, which can solve the drawbacks of conventional
control intervention while also taking advantage of human
decision-making abilities based on their experience and intu-
ition. Major differences in our proposed method are that the
operator is not required to monitor the autonomous system
driving, and it is the system that requests intervention for
safety-related driving situations, although the recognition
information of the system is continuously shared with the
operator. Furthermore, by designing the ADS to respond
conservatively, we solve the problems of safety and time
constraints during the intervention.

I1l. Recognition Assistance
Interface

Here we explain the framework of our proposed cooperative
recognition method, and how it realizes human-automation
cooperation to achieve safer and more efficient driving
through cooperative recognition.

A. Realization of Human-
Automation Cooperation
In order to achieve human-automation cooperation, appro-

priate function allocation [18, 65] should be intentionally
designed, in contrast, to control intervention approaches in

which all of the unperformable tasks are simply allocated to
the driver. In systems based on cooperative recognition,
function allocation, i.e., selection of the operator’s intervention
targets, is based on the performance characteristics of humans
and machines. The human intervention tasks involve high-
level recognition such as long-distance recognition, prediction
of the intentions of other road users, and occlusion-related risk
assessment, because humans can perform these tasks using
modalities that machines do not possess (intuition, driving
experience, innate understanding of human psychology, and
the resulting ability to predict the likely future behavior of
other road users). On the other hand, the ADS is responsible
for low-level recognition tasks such as short-range recognition
for collision avoidance, lane keeping, and rule compliance,
which do not require human intervention because machines
are able to perform them more reliably. These simple tasks are
also more critical to safety and harder for humans to perform
due to the limited amount of time available for intervention.

Cooperative recognition also has advantages for resolving
mental model-related issues in human-machine cooperation
such as overconfidence [7 8]. The current recognition informa-
tion of ADS is shared with the operator via the user interface
not only for intervention requests but also to allow the operator
to comprehend the internal state of the ADS, which is intended
to generate an appropriate level of operator trust in the system,
preventing overconfidence [40].

B. Realization of Safety and
Efficiency

The problem with integrating human modality into the process
of an automated system is that humans are not good at contin-
uous surveillance, and when compensating for system deficits,
they are error prone, especially when reaction time is limited.
Cooperative recognition systems need to be designed to
compensate for these drawbacks. An ADS can be set to be more
conservative (i.e., safety oriented) by instructing it to avoid
false-negatives and accept false-positives. Conservative recog-
nition requires the ADS to perform evasive action when
encountering ambiguous recognition results by default, which
provides more time for human intervention and ensures safety
even when the operator fails to intervene. This division of labor
is selected because it is difficult for humans to respond to omis-
sions (false-negatives) and to perform continuous surveillance
[66]. However, conservative recognition may result in unneces-
sary evasive action due to overestimation of risks, degrading
driving efficiency. The operator’s task, therefore, is to filter out
erroneous threats within a limited amount of time (between
the intervention request of the system and the last possible
moment for initiating evasive behavior). Therefore, the user
interface needs to be designed to allow quick operator inter-
vention to allow higher cruising speeds, while also reducing
unnecessary evasive behavior. Furthermore, recognition
results with sufficiently high recognition likelihoods can
be excluded as intervention targets, preventing degradation of
the inherent performance of the automated system as the result
of faulty human interventions.
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Cooperative recognition tasks are thus divided between
the ADS and operator as described above. Although this
division of labor is intended to improve driving performance,
it can sometimes result in abrupt changes in driving behavior.
For example, if the operator mistakenly determines from a
distance that an intervention target is not a safety risk, the
ADS is initially allowed to maintain the vehicle speed. But
when it is a short range, a low-level recognition system detects
the target as an imminent risk and the ADS must perform
emergency braking. Therefore, even though the ADS is able
to guarantee a minimum level of safety, the recognition assis-
tance interface must allow accurate and timely operator inter-
vention in order to avoid automated emergency responses. The
operator performs interventions through the user interface,
and the results of these interventions are then synthesized with
the recognition results of the ADS. By weighing both inputs
and taking into account the estimated reliability of the operator
and the automated system, “adaptive automation” [65] can
be realized. For example, if the driver monitoring system
detects that the operator is not concentrating on the interven-
tion, the recognition results of the ADS will be prioritized.

C. Design of the Recognition
Assistance Interface

Here we explain how the framework described above (and
shown in Figure 2) is realized. The system advisory module
selects intervention targets from the recognition results.
Results with insufficiently high or insufficiently low recogni-
tion likelihoods [Figure 2(1)] are considered to be ambiguous
risks and become intervention targets. The remaining unam-
biguous recognition results (targets that are clearly risky or
clearly not risky) are excluded as intervention targets [Figure
2(2)]. The ambiguous risks are conservatively recognized and
flagged as risky [Figure 2(1)'].

These recognition results are shared with the operator
via the user interface, and intervention is requested for one of
the intervention targets. The operator’s intervention input is
then synthesized with the recognition results of the autono-
mous system [Figure 2(1)"]. The algorithms used for the selec-
tion of intervention targets, and for the synthesis of the human
and recognition system evaluation results, are subjects for
future study.

m Block diagram of the proposed recognition assistance interface. The recognition results of the system are shared
with the operator. Intervention targets are selected from among these recognition results by the system (1), and intervention
requests identifying the intervention target are delivered to the operator via the interface. The operator then performs recognition
intervention using the interface. Finally, the system integrates the results of the operator’s intervention with its original recognition

results (17).
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IV. Evaluation of
Recognition Assistance
Interface

We conducted a subject experiment to compare the perfor-
mance of cooperative recognition using the proposed recogni-
tion assistance interface and conventional control interven-
tion, as regards their safety, driving efficiency, and usability.
In addition, the recognition assistance interface was broken
down into two elements, a display for sharing recognition
information from the ADS and an input device for operator
intervention. Both were experimentally evaluated to collect
data for future development.

Our subject experiment was designed to comply with the
requirements of the Nagoya University Ethics Committee
(NUEC). The hypotheses of our experiment are as follows:

H1: Cooperative recognition using the proposed recog-
nition assistance interface allows safer and more
efficient automated driving than conventional
control phase intervention.

H2: The proposed recognition assistance interface is
easier to use than control intervention methods due
to lower operator workload, shorter time required
for intervention, and higher user satisfaction.

H3: Sharing the recognition information of the auto-
mated system with the operator improves
intervention performance.

H4: Recognition intervention via a touch display is
easier and more accurate than using a simple
button interface.

Prediction of pedestrian crossing intention was selected as
the recognition task requiring operator intervention, which is
one of the most difficult tasks for automated systems to perform

[22, 23]. On the other hand, humans can generally predict
pedestrian behavior well based on their personal experience,
understanding of human behavior, and intuition. Therefore,
this task is well suited for our cooperative recognition framework.
To conduct the evaluation in a realistic driving scenario
involving interaction between pedestrians and vehicles, a
two-lane road in an urban area with sidewalks close to the
roadways was constructed in the CARLA simulator environ-
ment [67]. The ego vehicle drives at a speed of 50 km/h, a
common speed limit in Japan. The existing Autoware [68] was
used to control the ego vehicle, and the recognition assistance
interface was implemented as a component of the ADS.

A. Participants

We recruited 18 participants (10 males and 8 females) for our
experiment, all of whom agreed to participate in the experi-
ment and signed informed consent forms. All of the partici-
pants had a driver’s license. Their average age was 32.8 (SE =
11.3, 22-55 years old), the average length of their driving
experience was 11.1 years (SE = 9.7, 1-27 years), and their
average driving frequency was 12.1 days in a month (SE = 14.2,
0-31 days). Seven participants had previously driven in a
simulator, and five had ridden in a vehicle equipped with
either an ADS or a driver assistance system.

B. Intervention Scenarios

The driving route was a 620-meter rectangle within the CARLA/
Map03 urban road environment, as shown in Figure 3. While
cruising along an urban road at 40 km/h to 50 km/h, the ADS
encounters a pedestrian on the roadside along one of the red
segments shown in Figure 3, whose intention is difficult to recog-
nize. Due to its conservative risk tolerance setting, the ADS
predicts that the target will cross the vehicle path and requests
that the operator intervenes within 6 seconds of its activation of

m Intervention methods. BASELINE and CONTROL are conventional control phase intervention methods in which
operators use the accelerator to override the ADS, without and with the ability to view the system recognition information,
respectively. BUTTON and TOUCH are recognition phase intervention methods in which operators use a push button or

touchscreen, respectively, to toggle the recognition states.
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m Simulated driving route used in the experiment. The intervention targets were placed along the red segments of the
route, but the positions of the targets were changed for each trial. Requests for operator intervention were made within the

yellow segments.
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the intervention request alarm [53]. The vehicle begins deceler-
ating at 0.25 G about 50 m from the pedestrian’s location, in an
attempt to stop 10 m before encountering the target.

We created two pedestrian behaviors for our intervention
targets, as shown in Figure 4. The STAND behavior features a
pedestrian standing in the road next to a parked vehicle, without
the intention to cross it. He is either using a cell phone or facing
away from the road; thus, the ego vehicle can safely drive past
without taking any evasive action. The operator needs to perform
an intervention within the time limit to avoid unnecessary
deceleration. The CROSS behavior features a pedestrian standing
on the roadside with an apparent intention to cross the road.
The ego vehicle must stop before hitting her and wait until she
finishes crossing before continuing. The operator does not need
to perform an intervention (see Section IV C) since the system
default action is to decelerate, stop, and resume driving.

To simplify the experimental conditions, the automated
evasive maneuver was limited to deceleration, and operator
input during control intervention was also limited to speed
control. Furthermore, only one intervention target appeared
at a time; however additional “dummy” pedestrians and

vehicles were placed along the route. All of these potential
obstacles, including the intervention targets, were placed at
different locations during each trial to prevent the participants
from easily identifying the intervention targets by themselves.

C. Intervention Methods

The intervention methods compared in this experiment are
shown in Figure 5. BASELINE and CONTROL are conven-
tional, control interventions. The operator holds the steering
wheel while autonomous driving. When the intervention was
requested, the vehicle decelerates until the target pedestrian
has been passed because the ADS always recognizes the inter-
vention target as a risk. If the pedestrian had no risk and the
deceleration is unnecessary, the operator pushes the accel-
erator pedal to keep the vehicle speed. The control is trans-
ferred back to ADS when the operator releases the pedal.
Driver intervention under the CONTROL condition is the
same as during the BASELINE condition, but the recognition
information from the ADS is displayed to the operator in order
to test H3.

m Intervention scenarios. Pedestrians are placed along the vehicle route as intervention targets. STAND: The pedestrian
on the left is using a smartphone or facing the roadside and has no intention of crossing the roadway. CROSS: The pedestrian on
the right intends to cross the road and crosses after the vehicle stops.

* BASELINE/CONTROL
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BUTTON and TOUCH are recognition phase interven-
tions. The participant toggles the predicted intention of the
target pedestrian (“cross” or “not cross”) by pressing a button
on the steering wheel or touching the intervention target on
the display screen, respectively, when the intervention is
requested by the target pedestrian (the target is highlighted
on the display). If the pedestrian has no crossing intention,
the participant needs to perform the intervention since the
default recognition state is always “cross.” The intervention
results are immediately reflected in the recognition state, and
the driving behavior is calculated by the ADS. The participant
toggles the state until the vehicle passes through the target,
and they are encouraged to complete the intervention early
as possible to avoid the unnecessary deceleration.

We designed BUTTON as the simplest interface manipu-
lation method and TOUCH as a method that unifies the
display of the recognition information from the ADS with the
manipulation interface to test H4.

D. Implementation

The configuration of the simulator, ADS, and recognition
assistance interface used in this experiment are shown in
Figure 6. CARLA [67], the simulated driving environment
used in this experiment, is an open-source, high-fidelity
driving simulator that includes interfaces for the ADS, such
as simulated sensors and vehicle controllers. The ADS and
recognition assistance interface implemented in CARLA can
also be easily installed in a real vehicle by replacing the

m Overview of the entire system used in the
experiment. The proposed recognition assistance interface is
shown incorporated into the ADS. The recognition results used
in the experiment were obtained from the simulator
environment (dashed lines) in order to reduce the real-time
computational load.
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m Example of the recognition information shared
with the experiment participants. The bounding boxes indicate

recognized obstacles. The red bounding box identifies the
intervention target, which in our experiment is a pedestrian the
ADS predicts has the intention of crossing the road. The red
lane represents the planned trajectory of the ego vehicle. The
red icon in the ego vehicle lane indicates the planned stopping
position of the ego vehicle to avoid a possible collision with the
intervention target.
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simulator interface with an in-vehicle interface, and the simu-
lated sensors with the real sensors of the vehicle.

Communication between CARLA and Autoware was
realized using Python API provided by CARLA and ROS [69].
We obtained recognition information, including predicted
pedestrian intentions, from CARLA instead of from the recog-
nition functions of Autoware due to computational limita-
tions. OpenPlanner [70] was used as the path-planning
module. An example of the recognition information shared
with the experiment participants is shown in Figure 7, where
bounding boxes are used to indicate recognized obstacles. The
red bounding box, which identifies the intervention target,
signifies that the target pedestrian is predicted to have the
intention of crossing the road. The red lane represents the
planned trajectory of the ego vehicle. The red icon in the ego
vehicle lane indicates the stopping position of the ego vehicle
to avoid a collision with the intervention target.

Pure Pursuit and the Twist filter in Autoware were used
as the vehicle control module. Behavior and recognition
results for traffic agents other than the ego vehicle were
controlled by Python API. The recognition likelihood of the
intervention targets was set to less than 1.0, and likelihoods
for the other obstacles were set to 1.0, in order to help the
recognition assistance interface find the intervention targets.

The recognition assistance interface was implemented as
described in Section III. The advisory module obtains front-
view camera images and recognition information from the
simulator, while the ego vehicle path is obtained from
Autoware. The threshold for the recognition likelihood (0.0-
1.0) was set to 1.0. Operator interventions were requested 6
seconds before automatic deceleration. The timing of the inter-
vention requests was calculated using the future trajectory
and current speed of the vehicle. Under recognition
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intervention conditions BUTTON and TOUCH, the recogni-
tion module updated the recognition results based on the
operator’s manipulation of the recognition assistance inter-
face, and the results were then inputted into the ADS.

The target selection algorithm was not implemented
because the driving scenarios were controlled to only show
one intervention target at a time. The synthesis algorithm for
merging user intervention and system recognition informa-
tion was also not implemented, so the operator’s intervention
results were always prioritized.

The user interface, which included interactive markers and
3D visualizations from the Rviz tool, as shown in Figure 7, was
implemented using ROS. Obstacles, the future trajectory of the
vehicle, and the “stop” icon indicating the stopping position of
the ego vehicle were all superimposed on the front-view camera
image. The intervention target obstacle was surrounded by a
red bounding box, while the bounding boxes of the other
obstacles were blue. The touch display used to receive the opera-
tor’s recognition input was also implemented using the Rviz
tool. When the operator touched a target highlighted within a
red bounding box, the box turned blue as verification feedback.

E. Equipment

The equipment used in this experiment is shown in Figure 8.
The interfaces used for control intervention are a Logitech G29
steering wheel and pedal. A 21-inch, 1080 x 1980 pixel touch
display was used for sharing the recognition information of the
automated system, and as the manipulation interface for the

m Driving simulator used in our experiment. The
touch display shows the current recognition information of the
system during the CONTROL, BUTTON, and TOUCH trials, and
is the input device for TOUCH interventions. The large forward
display shows the driver’s view of the road ahead. The steering
wheel is the home position for the hands of the participants.
The button on the steering wheel is the interface for BUTTON
interventions, while the accelerator is the interface for
BASELINE and CONTROL interventions.

o V
Accel pedal 4

© Atsushi Kuribayashi, Eijiro Takeuchi, Yoshio Ishiguro,

Alexander Carballo, Takeda Kazuya

TOUCH method. The size of the intervention target on the
display, screen resolution, and available space inside a real
vehicle were all taken into account when selecting the size of the
touch display. The driver’s view of the simulated driving envi-
ronment was projected onto a 43-inch, 3840 x 1080 pixel display
to obtain a sufficient field of view. The speed of the vehicle and
current number of completed laps were displayed on the dash-
board area of the simulation display. The speaker used to issue
intervention requests was built into the forward display.

F. Non-driving-Related Tasks

When evaluating human-machine interfaces, it is necessary
to do so under conditions as close to actual usage conditions
as possible. For example, it has been shown that operators
prefer to engage in non-driving-related tasks (NDRT), such
as reading a book, playing a game, or watching videos during
automated driving [71, 72]. Lee et al. [73] investigated the
effects of NDRTs on driving performance when drivers were
asked to perform control interventions in response to a
takeover request. They showed that cognitively demanding
NDRTs negatively affected vehicle control by the drivers more
than visually or physically demanding tasks.

In our experiment, we selected playing the game Tetris
on a smartphone (Figure 9) as our NDRT [55]. The game
requires the player to rotate puzzle pieces falling from the top
of the screen in order to stack them with as few gaps as possible
at the bottom. When an intervention request was alerted by
the automated system, the participant paused the game and
conducted the intervention. By deflecting the gaze away from
the driving, the timing at which the participant starts to make
decisions for intervention can be controlled.

G. Experimental Procedure

First, an outline of the experiment and its purpose was
presented to the participants, and informed consent forms

m The participants played Tetris during the
experiment as an NDRT.
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were signed. Snacks were then given to the participants as
compensation for their participation. Next, they answered
questions about their age, driving history, driving
frequency, and experience with driver assistance systems,
ADSs, and driving simulators. The participants then prac-
ticed using the four intervention methods (BASELINE,
CONTROL, BUTTON, and TOUCH) while engaging in
the NDRT during a simple driving scenario. They were
allowed to practice repeatedly until they were able to meet
the goal of “maintaining cruising speed as much as possible
while driving safely.” To encourage them to focus on the
NDRT, we told them that additional snacks would be given
to the three participants who achieved the highest
Tetris scores.

An overview of the simulated driving task is shown in
Figure 10. Three-minute driving sessions were consecutively
repeated three times. Each driving session had NDRT and an
intervention scenario using one of the intervention methods.
The CROSS and STAND scenarios were randomly introduced.
We allowed 90-120 seconds of the NDRT before participants
received an intervention request to allow the participants to
sufficiently concentrate on the NDRT [74, 75].

After the three simulated driving sessions using a partic-
ular intervention method were completed, workload surveys
using NASA-TLX RAW [76] were conducted and breaks were
allowed if necessary. Driving then resumed using a different
intervention method. Each participant tested all four interven-
tion methods in a randomized order. Intervention methods
were counterbalanced to avoid the order effect.

After all of the simulated driving sessions were completed,
participants ranked the intervention methods in order of their
preferability and wrote down their impressions and opinions
regarding the experiment and the intervention methods. The
total time required for each participant to complete the entire
process was about 90 minutes.
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V. Results

The driving data, intervention operation data, and subjective
evaluation results obtained from the participants during the
experiment were statistically analyzed. Driving speed during
the STAND intervention scenario was analyzed to evaluate
differences in safety and driving efficiency when using the
cooperative recognition intervention methods versus control
interventions. Driving speed from 50 m in front of the target
up to the target was also evaluated since the ADS began decel-
erating 50 m before reaching the targeted pedestrian. Their
minimum and average speeds, as well as speed fluctuation
(i.e., standard deviation of speed), were used as indicators of
driving efficiency since our definition of higher efficiency is
a lower level of unnecessary deceleration while maintaining
stable control. Minimum time-to-collision (TTC) in the
CROSS scenario was used as an indicator of driving safety. In
our experiment, TTC was the time remaining until the ego
vehicle collided with the crossing pedestrian if the vehicle
maintained its current speed.

Our experimental results are shown in Table 1. After
performing the Shapiro-Wilk test (o = 0.05) and Levene test
(¢ = 0.05), the Friedman test was used as an analysis of
variance (ANOVA) (a = 0.05). Since significant differences
were found only in speed fluctuation (p = 0.028, F (3, 68) =
9.13), a Conover test was used for post hoc analysis. The results
showed significant differences between BASELINE-TOUCH
(p = 0.045), CONTROL-TOUCH (p = 0.018), and BUTTON-
TOUCH (p = 0.010). To compare the levels of driving efficiency
and safety when using each intervention method, distribu-
tions of minimum speed and minimum TTC were investigated.

Figure 11 shows the percentage of driving at a speed
higher than the threshold values (x-axis values) during the
STAND scenario. We can see that when participants used the
TOUCH intervention method, they were able to maintain a

m Overview of the experiment. The intervention targets appeared in randomized and counterbalanced order.
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TABLE 1 Participant driving behavior during interventions.

BASELINE CONTROL
M M

BUTTON
M

F(3, 68)

Minimum speed [km/h] 18.30 10.78 18.48 11.57 18.08 14.18 23.26 12.75 6.60
Average speed [km/h] 29.67 8.80 29.21 9.84 29.95 10.60 33.67 8.73 5.80
Speed fluctuation [km/h] 8.77 3.03 8.70 2.82 8.70 416 710 3.58 9.13*
Minimum TTC [s] 3.45 1.03 3.45 114 3.37 1.36 3.65 0.93 0.67

(*:p < 0.05) M = mean, SD = standard deviation, F = F-test distribution

higher speed than when using the other methods. BUTTON
method, which employed the same cooperative recognition
strategy as TOUCH, had a higher percentage of overthreshold
driving at speeds of 25 km/h or higher than the control inter-
ventions, but also had a lower percentage at 0 km/h.

Figure 12 shows the percentage of driving which kept
TTC to the pedestrian higher than the threshold values (x-axis
values) in the CROSS scenario. Due to the parameters of the
ADS, these percentages dropped sharply after 3.5 seconds.
The TOUCH method achieved the highest TTC (i.e., was the
safest). TTCs for the BUTTON method were higher than the
control interventions at over 3.0 seconds, but lower at less than
3.0 seconds. No differences were found between the BASELINE
and CONTROL methods.

Although we mentioned in Section III that safety should
always be ensured by the ADS, even when intervention errors
occur, such a capability was not implemented in this experiment.
As a result, uncorrected interventions appear in the driving
data. Therefore, intervention accuracy was evaluated using the
participants’ driving behavior in each scenario. Intervening to

maintain cruising speed in the STAND scenario and not inter-
vening (i.e., allowing the vehicle to yield to the pedestrian) in
the CROSS scenario were the correct driving behaviors.

Table 2 shows the number of trials in which the vehicle
yielded (i.e., minimum_speed < 1.0 km/h) or maintained
speed (i.e., minimum_speed > 1.0 km/h) when encountering
pedestrians in the two driving scenarios. ACCURACY is the
percentage of correct driving behavior observed. Our experi-
mental results show that the TOUCH intervention method
was the most accurate, while the BUTTON method was the
least accurate, with incorrect driving behavior observed twice
as often in the CROSS scenario as when using the TOUCH
method. Furthermore, the CONTROL method was less
accurate than the BASELINE method.

To evaluate differences in the amount of time required
for intervention, intervention speed (time elapsed from the
intervention request to intervention initiation) and interven-
tion duration (time elapsed from intervention initiation to
termination) were compared. The results are shown in
Figure 13. The Friedman test was used after the Shapiro-Wilk

m Percentage of driving during which the operator maintained a speed higher than the threshold values. The
percentages were only calculated during the STAND scenario, which required operator intervention to maintain vehicle cruising

speed instead of automatically decelerating.
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m Percentage of driving that exceeded the threshold speed, by speed, for each intervention method during the
STAND scenario, which required operators to intervene in order to maintain their speed. The y-axis indicates the percentage of
driving during which minimum TTC was higher than the x-axis threshold value.
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TABLE 2 Participant intervention behavior and accuracy rates for each intervention method.
BASELINE CONTROL BUTTON TOUCH
STAND Yield 7 10 14 5
Keep 46 47 39 48
CROSS Yield 50 48 45 49
Keep 4 6 8 4
ACC 0.89 0.87 0.79 0.91

Speed < 1.0 km/h is counted as yield. ACC is the rate of the correct behavior (stand-keep and cross-yield).
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m Average intervention speed (from ADS intervention request to operation initiation) and average intervention
duration (from intervention initiation to termination). Shorter times are better. Error bars represent standard deviations.
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test (e = 0.05) and Levene test (« = 0.05). No significant differ-
ence in intervention speed among the four intervention
methods was observed (p = 0.18, F (3, 68) = 4.86). However, a
significant difference was observed in intervention duration
(p =0.001, F (3, 68) = 44.22), so the Conover test was used as
a post hoc test. The BUTTON and TOUCH methods had
significantly shorter intervention durations than the
BASELINE and CONTROL methods (BASELINE-BUTTON,
p = 0.001; BASELINE-TOUCH, p = 0.001; CONTROL-
BUTTON, p = 0.001; CONTROL-TOUCH, p = 0.001).

Subjective workloads while using each intervention
method were collected from participants using the NASA-TLX
RAW questionnaire on a scale from 1 to 10, where a larger
number represents higher demand on the operator.
We checked each scale for normality and equivariance using
the Shapiro-Wilk test (« = 0.05) and Levene test (¢ = 0.05).
When normality and equivariance were confirmed, we then
conducted a one-way ANOVA (a = 0.05) and multiple
comparisons using Tukey’s test (& = 0.05). When normality
and equivariance were not confirmed, Friedman’s test (« =
0.05) and Conover’s test (« = 0.05) were used. The results of
the subjective workload survey are shown in Figure 14.
Friedman’s test showed significant differences in all of the
workload categories: mental demand p = 0.001, F (3, 68) =
17.96; physical demand p = 0.001, F (3, 68) = 22.35; temporal
demand p = 0.0060, F (3, 68) = 12.44; dissatisfaction with
performance p = 0.043, F (3, 68) = 8.15; effort required for
intervention p = 0.001, F (3, 68) = 20.14; frustration during
intervention p = 0.014, F (3, 68) = 10.57; total demand p =
0.001, F (3, 68) = 14.92).

Then, based on the results of the Shapiro-Wilk and Levene
tests, Tukey’s test was conducted for physical demand, while
Conover’s test was used for the other scales. There were no
differences between BASELINE-CONTROL or between
BUTTON-TOUCH. For BASELINE-BUTTON, the following
significant differences were observed: mental (p = 0.001),
physical (p = 0.001), effort (p = 0.001), entire (p = 0.012). For
BASELINE-TOUCH, the following significant differences
were observed: mental (p = 0.001), physical (p = 0.001),
temporal (p = 0.019), performance (p = 0.001), effort (p =
0.001), frustration (p = 0.013), entire (p = 0.001). For
CONTROL-BUTTON, the following significant differences
were observed: mental (p = 0.001), physical (p = 0.001),
temporal (p = 0.019), effort (p = 0.036). For CONTROL-
TOUCH, the following significant differences were observed:
physical (p = 0.001), temporal (p = 0.001), effort (p = 0.001),
frustration (p = 0.0063), entire (p = 0.020).

At the end of the experiment, users ranked their preferred
intervention methods from first (most preferred) to fourth
(least preferred). BUTTON was the most preferred method
(M = 1.61, SD = 0.60), followed by TOUCH (M = 1.83, SD =
0.70), CONTROL (M = 3.06, SD = 1.00), and, finally,
BASELINE (M = 3.50, SD = 0.76).

Feedback comments were also collected from the partici-
pants. Regarding the design of the experiment, some partici-
pants reported that it was difficult to judge the pedestrians’
intentions. There was also a discrepancy between participants’
perceptions of risk and the intervention requests of the auto-
mated system, leading to a decrease in trust in the system. As
for the design of the user interface, some participants reported

IGTIETEREE Results of participant NASA-TLX RAW workload evaluations. Lower is better. Error bars indicate

standard deviations.
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that it took a long time for them to understand the cause of
the automated deceleration of the vehicle when no recognition
information was presented (i.e., when using the BASELINE
method). Other comments noted that the bounding box
hindered the visibility of the target pedestrian, that the
TOUCH intervention method was easy to operate because of
its familiarity, that TOUCH intervention errors led to frustra-
tion, and that magnification of the forward view image would
be a useful function since it was difficult to recognize the
intentions of pedestrians from a distance.

VI. Discussion

The safety of the participants’ driving when using each inter-
vention method was evaluated using TTC for pedestrians in
the CROSS scenario, while driving efficiency was evaluated
using the average, minimum, and fluctuation of speed in the
STAND scenario. Statistical analysis revealed that when using
the cooperative recognition methods, there was significantly
less fluctuation in the ego vehicle speed than when using the
control intervention methods. This suggests that cooperative
recognition can reduce the level of disruption that occurs
when drivers take over speed control during the control phase.

More detailed analyses of minimum speed and TTC were
also conducted. No trend in minimum speed was observed
between the cooperative recognition and control intervention
methods. Regarding safety, TTC intervals of less than 1.5
seconds are considered to be critical, while TTCs of 2 seconds
to 4 seconds are generally considered to be desirable [77]. At
critical TTC, there was no observable difference between the
cooperative recognition and control intervention methods;
however, within the desirable TTC window, cooperative
recognition was found to be superior.

Therefore, H1 was statistically proven only for driving
efficiency. A trend was observed in driving safety, however,
due to the huge difference between the BUTTON and TOUCH
methods, indicating that the design of the interface influences
performance during cooperative recognition, which will
be discussed further below.

To evaluate the usability of the intervention methods,
intervention time in the STAND scenario, operator workload
reported in subjective evaluations, and order of preferred
method were compared. These results show that the coopera-
tive recognition intervention methods involved less operator
workload, were more preferable, and took less time than the
control intervention methods, confirming H2. We believe the
reasons for the higher usability of the cooperative recognition
methods are the absence of operator intervention in vehicle
control, as well as their simplicity of operation.

As for intervention duration, it is obvious that the coop-
erative recognition methods involved shorter interventions
than the control intervention methods since the latter require
continuous intervention by the user until the vehicle passes
the targeted pedestrian, as was quantitatively demonstrated
in this experiment. The shorter time required for

intervention during cooperative recognition not only
improves usability but also leads to more efficient interven-
tion, which would be especially useful in situations where
one operator is intervening remotely in the control of
multiple vehicles. However, in this study, intervention
duration was measured based only on the duration of the
intervention operation, while cognitive processing on the
part of the operator was not taken into account. Therefore,
more detailed verification using other modalities, such as
eye gaze measurement, will be necessary.

Regarding H3, selected results for the CONTROL and
BASELINE methods were compared, methods which only
differed as to whether or not the recognition information of
the automated system was shared with the operator, respec-
tively. However, no differences were observed in intervention
accuracy, intervention speed, or subjective evaluation. This is
likely because the intervention target was always one pedes-
trian, and the participants could detect the intervention
targets without any additional information from the ADS.
However, intervention accuracy when using the CONTROL
method was lower than when using the BASELINE method.
This was likely due to the operators visually confirming the
system recognition information before taking over, which
we believe divided their attention [29]. This is consistent with
the relationship observed between BUTTON and TOUCH,
which will be described later.

Feedback from the participants indicated that the presen-
tation of recognition information was helpful and that inter-
vention was much easier as a result. On the other hand, some
participants reported discrepancies between the targets of the
intervention requests and their perceived level of risk, which
reduced their reliance on the ADS. It should also be noted
that previous studies have expressed concerns about increasing
the amount of information drivers are required to process in
complex driving environments; thus, the information
displayed needs to be designed carefully to take into account
the operator’s cognitive load, mental model, clutter costs, and
cognitive tunneling risks [27, 28].

To test H4, we compared the BUTTON and TOUCH
intervention methods, two cooperative recognition interven-
tion methods which use different interface manipulation
methods. Although BUTTON intervention was expected to
perform as well or better than the TOUCH intervention
method, since it was the simplest manipulation method,
BUTTON interventions had the worst accuracy and slowest
intervention times of the four methods tested. TOUCH inter-
ventions, on the other hand, yielded the best performance in
terms of both intervention speed (Figure 13) and accuracy
(Table 2), maximizing driving safety. This may be due to the
lower cognitive load when using the touchscreen interface,
the intuitiveness of its operation, and the user’s undivided
focus since the cognitive and operational targets are unified
[27, 29]. However, even when the TOUCH method was used
for intervention, unsafe driving still occurred, e.g., failing to
yield to the pedestrian who intended to cross in front of the
vehicle. This was likely due to the operator’s difficulty in
predicting the intentions of the simulated pedestrians, which
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confirms the importance of the overall design of the ADS in
order to ensure a minimum level of safety even when operator
intervention errors occur, as discussed in Section ITI-A.

Regarding H3 and H4, our experimental results show
that sharing the ADS recognition information during coop-
erative recognition results in dividing the attention of the
operator, reducing intervention performance. However, inte-
grating the information display and the manipulation target
seems to effectively address this problem, as demonstrated by
the superior performance of the TOUCH method.

VIl. Conclusion

In this article, we have proposed a recognition assistance inter-
face that realizes cooperative recognition during autonomous
driving to resolve challenges in conventional control interven-
tion methods. The proposed interface shares recognition
information from the ADS with the operator and allows the
operator to use this information to intervene during the recog-
nition phase of the autonomous driving process. This approach
is intended to solve control take-over issues in today’s Level
3 ADS by conservatively designing the recognition system
and having a human operator filter ambiguous recognition
results. As demonstrated in this study, driving efficiency and
safety increased when using the proposed cooperative recog-
nition method, improvements which are difficult to achieve
through modification of automated systems alone.

We first explained the cooperative recognition framework
in detail, as well as the design of the proposed recognition
assistance interface and the recognition system of the ADS.
We then described our evaluation experiment, in which
we implemented our proposed interface in a simulated driving
environment using an existing ADS. Prediction of the road-
crossing intentions of pedestrians at locations without a signal
was selected as the operator task, and two driving scenarios
were developed for our evaluation.

We then compared the intervention performance of 18
participants when using two cooperative recognition methods
and two control intervention methods. The control and coop-
erative recognition intervention methods were compared with
and without the sharing of recognition information from the
ADS, and two different manipulation interfaces, a button and
a touchscreen, were evaluated when using the cooperative
recognition approach. Driving safety (minimum TTC),
driving efficiency (the average, minimum, and fluctuation of
vehicle speed during intervention), intervention performance
(speed and accuracy), and usability (workload, user prefer-
ence, and time required for intervention) when using each
method were compared.

Our results showed that cooperative recognition resulted
in more stable vehicle control during interventions and higher
usability. However, sharing ADS recognition information with
the operator resulted in divided attention, reducing interven-
tion performance in terms of both accuracy and speed. But
when the system recognition information and the

manipulation target were unified through the use of a touch
display, this problem was resolved. However, even when using
this best-performing method (cooperative recognition with
touch display intervention), unsafe driving behavior was still
sometimes observed, confirming that cooperative recognition
should be paired with a minimum level of safety provided
through emergency control intervention by the ADS.

We also obtained important insights for improving the
design of the proposed recognition assistance interface. The
intervention targets could not be fully perceived when they
appeared outside the displayed area or were displayed too
small when distant, and they were sometimes located in
occluded areas. It will be necessary to redesign the informa-
tion display so that it enables the user to better understand
the spatial information being presented (e.g., the relative posi-
tions of obstacles in relation to the ego vehicle) and allows the
operator to perceive detailed information about the targets.

Further evaluation of our cooperative recognition
approach, both of the recognition interface and of the ADS,
will be necessary under more practical conditions. For
example, the current limited recognition ranges may not
allow a sufficient time window (6 seconds [53]) for
operator intervention.

In addition, a variety of recognition tasks other than
pedestrian intention need to be considered, such as predicting
the future trajectories of other road users and occlusion risks
in the surrounding environment, which are similar to pedes-
trian intention prediction tasks. And these tasks will need to
be performed simultaneously. However, relatively simple tasks
such as traffic light classification, and more complex tasks
such as risk prediction in complex traffic situations, are likely
to have different characteristics and may even require different
interface designs. Therefore, it is also necessary to consider
information display methods that take into account complex
traffic situations, as well as the operator’s cognitive load and
processing capabilities. Since the positive effect of integrating
recognition and manipulation targets is indicated by the
results of our experiment, we will consider various interface
modalities such as gaze input and VR/AR (virtual reality and
augmented reality) displays.

The method of selecting targets for operator intervention
requests, and synthesis of the operator’s intervention inputs
with the recognition results of the autonomous system, briefly
discussed in Section III of this article, will also be the focus
of future investigation.
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