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Cybernic robot hand-arm that
realizes cooperative work as a
new hand-arm for people with a
single upper-limb dysfunction
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A robot hand-arm that can perform various tasks with the unaffected arm
could ease the daily lives of patients with a single upper-limb dysfunction. A
smooth interaction between robot and patient is desirable since their other arm
functions normally. If the robot can move in response to the user’s intentions
and cooperate with the unaffected arm, even without detailed operation, it can
effectively assist with daily tasks. This study aims to propose and develop a
cybernic robot hand-arm with the following features: 1) input of user intention
via bioelectrical signals from the paralyzed arm, the unaffected arm’s motion,
and voice; 2) autonomous control of support movements; 3) a control system
that integrates voluntary and autonomous control by combining 1) and 2)
to thus allow smooth work support in cooperation with the unaffected arm,
reflecting intention as a part of the body; and 4) a learning function to provide
work support across various tasks in daily use. We confirmed the feasibility
and usefulness of the proposed system through a pilot study involving three
patients. The system learned to support new tasks by working with the user
through an operating function that does not require the involvement of the
unaffected arm. The system divides the support actions into movement phases
and learns the phase-shift conditions from the sensor information about the
user's intention. After learning, the system autonomously performs learned
support actions through voluntary phase shifts based on input about the user’s
intention via bioelectrical signals, the unaffected arm’s motion, and by voice,
enabling smooth collaborative movement with the unaffected arm. Experiments
with patients demonstrated that the system could learn and provide smooth
work support in cooperation with the unaffected arm to successfully complete
tasks they find difficult. Additionally, the questionnaire subjectively confirmed
that cooperative work according to the user's intention was achieved and
that work time was within a feasible range for daily life. Furthermore, it was
observed that participants who used bioelectrical signals from their paralyzed
arm perceived the system as part of their body. We thus confirmed the feasibility
and usefulness of various cooperative task supports using the proposed method.

assistive robots, single upper-limb dysfunction, cooperative work, human—machine
interaction, cybernics, cybernic robot hand-arm
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1 Introduction

Some people suffer paralysis in one of their upper limbs
because of damage to the brain or nervous system or other
causes and are forced to live with one arm (Wade et al., 1983;
Rosson, 1987; Backe et al., 2008). Those with a single upper-limb
dysfunction daily encounter tasks that are difficult or impossible
for them owing to the limitation of having only one functional
arm (Skold et al., 2004; Mancuso et al., 2015). Moreover, the load
concentration on the unaffected arm causes fatigue and decreases
the daily work they can perform. These represent significant barriers
to everyday life and social participation.

One currently available measure is the use of welfare equipment
(Performance Health, 2024; Etac, 2024). However, none of these
tools can provide active support, such as the ability to move like a
human arm. Consequently, all tasks must be performed with only
one unaffected arm, so load concentration cannot be eliminated.
In addition, it is difficult to carry and use all assistive devices for
each task in diverse work environments. Moreover, tasks requiring
the simultaneous movement of both arms, such as tipping a jelly
cup while eating its contents, are difficult to execute. To solve the
source of this problem, an alternative to the paralyzed arm would
be necessary. A robot hand-arm that can grip daily necessities and
perform various tasks in cooperation with the patients unaffected
arm offers a solution to the limitations described above.

Research and development have been conducted on a robot
hand-arm attached to a wheelchair for people with upper-limb
dysfunction (Hillman et al., 2002; Romer et al., 2005; Alqasemi and
Dubey, 2007; Maheu etal., 2011; Wakita et al., 2012). However,
these robot hand-arms for disabled users perform movements by
operating a controller such as a joystick. Therefore, when used
by a patient with a single upper-limb dysfunction, the unaffected
arm is restrained for the operation, and it is also difficult for these
robot hand-arms to perform cooperative work with the patient’s
unaffected arm. Alternative methods of operation, such as chin-
operated joysticks and controllers using head movements, exist
for individuals with bilateral upper-limb dysfunctions (Fall et al.,
2015; Aspelund etal., 2020; Rulik etal., 2022). However, it is
inconvenient for patients with a single upper-limb dysfunction
to have their head movements restricted to these operations, as
bimanual tasks often require head movements such as turning
the face to the left or right work area based on the arm
moving to pick up an object, or adjusting face direction to
ensure that the hands performing the task are in the center of
the field of vision. There is also an eye-gaze-based method, but
similar problems occur (Scaleraetal.,, 2021; Sunny etal., 2021).
It is desirable that the physical functions necessary for the task,
including the unaffected arm, are not restricted when a robot
hand-arm cooperates with a patient’s unaffected arm. While
brain-machine interfaces using brain activity signals also exist, fine
operation and smooth movements are difficult due to limitations
in resolution and the complexity of the information (Kim et al.,
2015; Karunasena et al., 2021; Peng et al., 2022). Furthermore, these
systems tend to be bulky, making them impractical for patients
with a single upper-limb dysfunction to carry and use in daily
life. Invasive methods also carry surgical risks, making them less
accessible. There is a voice-based method (Poirier et al., 2019), but
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all the methods described so far, including voice-based, require
complex operations to control the robot hand and its position,
orientation, and so on. When both upper limbs are affected, it is
effective to operate a robot hand-arm to perform tasks, even if
it takes a long time. However, for patients with a single upper-
limb dysfunction, smooth interaction between the robot hand-arm
and the patient is desirable, as their other arm functions normally.
Methods to operate a robot hand-arm without requiring complex
operations currently include teaching playback, object recognition-
based pick-and-place, and automatically generating movements
for instructed tasks (Ahnetal, 2022; Wohlgemuth etal., 2024;
Shahria et al., 2024). However, these methods are designed for the
robot hand-arm’s independent operation. In these approaches, it is
difficult to reflect human intent in the robot's movements during
the task, making it difficult to coordinate with the unaffected
arm during tasks. As described above, conventional robot hand-
arms for persons with upper-limb dysfunctions are designed for
individuals with bilateral upper-limb dysfunction, and tasks are
performed only by the robot hand-arm. No method has been
designed to support patients with a single upper-limb dysfunction,
and there is no method that enables smooth coordination with
the unaffected arm. Figure 1A summarizes the issues faced by
conventional methods for cooperative work with the unaffected
arm. This study aims to address these issues and achieve smooth
cooperative work between the robot hand-arm and the unaffected
arm according to the patient’s intention.

For the robot hand-arm to be able to replace the paralyzed
arm and perform cooperative tasks with the unaffected arm,
it should move according to the user’s intention, similar to a
body part, and simultaneously perform the corresponding actions
alongside the unaffected arm. For a robot hand-arm to perform
such actions, it is necessary to input information that reflects the
user’s intention for movement in cooperative work involving both
hands. If the robot hand-arm can automatically perform support
actions based on this input information, smooth cooperative work
can be achieved. On the other hand, this information input
should not disturb the user’s activities, such as unaffected arm
and head movements. In this study, the robot hand-arm served
as a replacement for the paralyzed arm. Therefore, as long as
the information reflects the intention to move obtained from the
paralyzed arm, it is possible to input intuitive intention information
according to the motion that the user desires the robot hand-arm
to perform without disturbing the user’s other physical movements.
Although the patient’s paralyzed arm is unable to perform tasks
because its motor functions are limited owing to the paralysis, it
is possible to capture the paralyzed arm’s intention to move from
the bioelectrical signal (BES) that communicates the intention to
move from the brain (Sankai, 2011; Saita et al., 2018). Additionally,
since cooperative work involves actions performed by one arm
in conjunction with the other, information on corresponding
actions can be obtained from the motion of the unaffected arm
during tasks. Furthermore, using voice information, the tasks
and detailed movements that the user wants to perform can be
captured without limiting the patient’s movements, covering cases
where movement intentions or detailed movement information
are difficult to capture with the BES of the paralyzed arm or the
movement information of the unaffected arm. By using BES, motion
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information from the unaffected arm, and voice information, it is
possible to realize robot hand-arm movements according to the
user’s intentions. Therefore, we propose a cybernic robot hand-arm
that is connected to the user via this information and functions
according to the user’s intention information with a combination
of voluntary and autonomous control. This allows the autonomous
execution of movements such as fine adjustment of gripping
force and hand movement corresponding to the task (Figure 1B).
By incorporating the user’s body information and motor control
functions into the control system, the cybernic robot hand-arm
can become part of the user’s body and smoothly perform tasks
alongside the unaffected arm, reflecting the user’s intentions. Even
intention information that is not applicable to detailed operations
can be used as input in such a control system. Moreover, if
a cybernic robot hand-arm can learn the intention information
input to the system and the support actions according to the task
during application in daily life, it will be possible to smoothly
support various cooperative tasks that are repeatedly performed in
daily life.

The purpose of this study is to propose and develop a cybernic
robot hand-arm with the following features to address the difficulties
faced by patients with a single upper limb dysfunction in performing
daily tasks: 1) input of BES that reflects the intention to move
from the paralyzed arm, motion information from the unaffected
arm, and voice-based intention information; 2) autonomous control
of support movements according to the unaffected arm and work
phase; 3) a control system that integrates voluntary and autonomous
control by combining 1) and 2) allowing for smooth work support
in cooperation with the unaffected arm, reflecting intention as
a part of the body; and 4) a learning function to provide such
work support across various tasks in daily use. We confirmed
the feasibility and usefulness of the proposed method through a
pilot study involving three patients.
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2 Cybernic robot hand-arm
2.1 Overview of the proposed method

The proposed system is not a substitute for the patient’s difficult
bimanual tasks but instead supports these tasks in cooperation with
the unaffected arm, complementing the role of the paralyzed arm.
We define “work support” as the support provided for bimanual
tasks in cooperation with the unaffected arm. The features of the
proposed method are as follows: 1) input of BES that reflects the
intention to move from the paralyzed arm, motion information
from the unaffected arm, and voice-based intention information;
2) autonomous control of support movements according to the
unaffected arm and work phase; 3) a control system that integrates
voluntary and autonomous control by combining 1) and 2), allowing
for smooth work support in cooperation with the unaffected arm,
reflecting intention as a part of the body; and 4) a learning
function to provide such work support across various tasks
in daily use.

We first developed a robot hand-arm system capable of acquiring
and linking the information on the user’s intentions and movements
(Figure 2A). A sensor system was installed to measure the BES of
the paralyzed arm as intuitive intention information reflecting the
paralyzed arm’s intention to move (Figure 2A(a)). We incorporated
a sensor system in the robot hand to capture the movement
information for the unaffected arm, considering the characteristics
of cooperative work where both hands interact with an object.
These include tactile force sensors to detect the direction of force
applied by the unaffected arm on the object gripped by the system
and distance sensors to capture the motion of the unaffected arm
moving the work object closer to or away from the system’s hand
(Figure 2A(b) (c)). Additionally, to cover detailed movement and
task information that may be difficult to capture through the BES
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of the paralyzed arm or movement information from the unaffected
arm, we also developed a voice recognition unit (Figure 2A(d)).
We developed a portable robot hand-arm system equipped with
these sensor systems that is about the same size as a human and
can be used for cooperative work with the unaffected arm in
daily life.

Cooperative work involving both hands comprises movement
phases and phase shifts, such as moving, gripping, and releasing
one hand in correspondence and coordination with the other
hand. Therefore, we developed a work support learning and control
function. The system learns to support new tasks by working with
the user through an operating function that does not require the
unaffected arm (Figure 2B(1)). The system divides the support
actions into movement phases and learns the phase-shift conditions
from the sensor information about the user’s intention and motion
(Figure 2B(2) (3)). During the learned task support, when the input
of the user’s intention information via BES from the paralyzed
arm, unaffected arm’s motion, and voice is determined to satisfy
the phase-shift condition (Figure2C(1) (2)), phase shifts and
corresponding actions are performed at any time (Figure 2C(3)).
This enables the system to autonomously perform learned support
actions through voluntary phase shifts based on input related to
the user’s intentions and movements, thereby realizing seamless
cooperative work and work support that correspond to and are
linked to the user’s intentions and the unaffected arm without
requiring detailed operations. The key feature of this method is that
by incorporating the user’s physical information and motor control
function into the control system—such as BES from the paralyzed
arm and motion information from the unaffected arm—the system
becomes part of the users body and can smoothly perform
cooperative work with the unaffected arm through autonomous
motions that reflect the user’s intentions.

Details of the robot hand-arm system are provided in
Section 2.2, while details of the learning and control function are
described in Section 2.3.

2.2 Robot hand-arm system

This section describes the reasons for determining the
specifications and provides details of the hand-arm and sensor
systems shown in Figure 2A.

2.2.1 Robot hand-arm

The specifications of the robot hand-arm were determined
assuming the support of a tabletop for the patients. The paralyzed
side of the patient is vulnerable to joint dislocation due to muscle
weakness and relaxation, as well as sensory disturbances such as
numbness and pain (Raghavan, 2015). Consequently, the robot
hand-arm was designed to be placed on a tabletop to accommodate
these factors. It can be easily attached there with a clamp. To
ensure portability and compatibility with the unaffected arm without
obstructing surrounding objects or limiting the workspace, the arm’s
size is approximately the same as a human arm. This enables the
robot to be applied to the movements performed by the paralyzed
side as well as to the living environment where the space is already
available for work with both hands. Assuming work support for a
patient whose unaffected arm became the dominant hand, the arm
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part of the device has six degrees of freedom to support work in
various positions and postures, and the hand part has two sets of
two fingers facing each other to enable pinching with two fingers
and stable gripping with four fingers, enabling the system to perform
tasks that are mainly performed by the non-dominant hand such
as gripping, fixing, and moving objects. An analysis of functionality
and disability in everyday life using the International Classification
of Functioning, Disability, and Health (ICF) revealed that lifting
items weighing 0.4 kg or more accounts for approximately 10%
of lifting actions in daily life (Shiraishietal,, 2010). Hence, if
the system can lift an object weighing 0.4 kg, approximately 90%
of daily activities can be performed. In this study, we included
a 500-mL PET bottle as a work object, necessitating a payload
capacity of 0.6 kg. Specialization for the targeted movements and the
monocoque structure have enabled the development of a compact
and lightweight system with a reach of 619 mm and a total weight of
2.9 kg, including the sensor system.

2.2.2 Sensor system for capturing intentions and
motion information

The proposed method employs a control system that combines
voluntary and autonomous control for performing movements in
coordination with the unaffected arm, using, as input, information
that reflects the intention to move both hands cooperatively.
We determined the specific intention and motion information to
be acquired and developed and integrated a sensor system for
its acquisition, considering the characteristics of patients with
a single upper-limb dysfunction and cooperative work with the
unaffected limb.

In this study, the robot hand-arm served as a replacement for
the paralyzed arm. Therefore, as long as the information we utilized
reflected the intention to move obtained from the paralyzed arm,
it would be possible to input intuitive intention information that
follows the motion that the user wants the robot hand-arm to
perform without disturbing the user’s other physical movements.
Although the patient’s paralyzed arm was unable to perform tasks
because its motor functions were limited owing to paralysis, it would
be possible to capture the paralyzed arm’s intention to move from
the ability of the BES to reflect the intention to move from the
brain (Sankai, 2011; Saita et al., 2018). Even when paralysis makes
joint movement difficult, it is possible to detect weak neuromuscular
activity from the BES and estimate the intention to move (Saita et al.,
2018). The BES that reflects the intention to move from the user’s
brain to the target part of the body can be measured by attaching
electrodes to that part for which the system wants to estimate the
user’s intention to move. Therefore, a BES measurement circuit is
installed inside the system to estimate the intention to move the
paralyzed arm (Figure 2A(a)).

Additionally, since cooperative work involves actions performed
by one arm in conjunction with the other, information on
corresponding actions can be obtained from the motion of the
unaffected arm during tasks. This information can be acquired by
attaching sensors, such as motion sensors, to the unaffected arm.
However, it is difficult for the target patients to attach sensors to
the unaffected arm by themselves. Although placing a sensor in the
working environment to capture the movements of the unaffected
arm is another possible approach, in order to reduce the number
of items to carry and the effort required for setup, we considered
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a method that could be completed with just the hand-arm system.
Leveraging the characteristic of cooperative work where both hands
interact with the target object, we developed a sensor system that
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acquires the motion information of the unaffected arm through the

object via the robot hand. For situations where the system is gripping
an object, a tactile force sensor capable of measuring force and the
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center of force (COF) (Toyama et al., 2020) is embedded in the tip
link of each robot finger to detect how the gripped object is pulled
by the user’s arm (Figure 2A(b)). The finger surfaces are made of
gel sheets with a human skin-like softness, and the surfaces are
coated with polyurethane resin with a high coeflicient of friction. By
capturing movements of the COF on the surface of each of the two
opposing fingers caused by the gel-sheet deformation, the system can
detect the direction of the force applied by the unaffected arm to the
gripped object, such as rotation or pulling movements. This allows
it to capture the movement information of the unaffected arm that
cannot be visually detected. We confirmed that this method enables
the acquisition of specific movements of the unaffected arm that
are useful for the cooperative work between the robot’s hand-arm
and the user’s (Toyama et al., 2019). This finger with the sensor also
provides flexible contact with the object and adjusts the gripping
force. For situations where the unaffected arm is gripping an object,
distance sensors are mounted between the two fingers facing each
other to capture the motion of the unaffected arm moving the object
closer to or away from the system’s hand (Figure 2A(c)). Dynamic
changes in distance values capture the motion of the unaffected
arm. These sensors are also used to determine the gripping form
according to the object. The system determines the gripping form
as follows: if both distance values fall within the system’s gripping
range, four fingers are used for gripping; if only one distance value
is within the range, two corresponding fingers are used.

Some intentions and fine movement information may be
difficult to capture from the BES of the paralyzed arm or the
motion information of the unaffected arm. In such cases, voice
input can cover such information without limiting the patients
movements; it can also recognize detailed information such as what
kind of task support or supportive actions the user is requesting,
as well as the name of the object to be handled. Therefore, we
developed and integrated a voice recognition unit (Figure 2A(d))
which includes a microphone, speaker, and language processing
system capable of recognizing input speech information and reading
out generated character strings. The unit also provides feedback to
the user, such as requesting work support instructions for unlearned
tasks. Google assistant SDK was utilized for speech recognition and
text-to-speech.

2.3 Learning and control function for work
support that reflects intention and
cooperates with the unaffected arm

Patients face difficulties in performing daily tasks, with
variations among them in the types of tasks, target objects, and
required support actions. Sensor information obtained during work
support, such as movement data from the unaffected arm and BES
readings from the paralyzed arm, is assumed to differ based on the
user’s motion and degree of paralysis. To address these, we developed
a function that enables the system to learn support actions that
constitute work support and their implementation conditions from
sensor information about the user’s intentions and movements; it
does this by actually performing cooperative work while the user is
teaching support actions with an operation function which does not
rely on the unaffected arm.
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The overview of work support learning is depicted in Figure 2B.
Learning is conducted for each individual task, such as opening a
PET bottle. The task name is recognized through the user’s voice
input, and if the task has not yet been learned, the learning process
begins. The learning is conducted as the user performs the task
with the system using an operating function that does not rely
on the unaffected arm (Figure 2B(1)). This operating function is
achieved using voice and BES from the paralyzed arm, with further
details provided in the following subsection. The taught series of
support actions is divided into three movement phases based on
the type of movement: move, grip, and release (Figure 2B(2)). For
the phase-shift conditions for each movement phase that constitute
the learned work support, the following sensor information on the
user’s intention and motion can be utilized within this learning
framework: BES from the unaffected arm, COF on the surface of
the robot finger and distance information between the robot hand
and the work object as motion information of the unaffected arm,
and voice information (Figure 2B(3)). The change in the sensor
information before and after each movement phase serves as the
phase-shift condition. The details are provided in the following
subsection. Consequently, the user’s voice and the BES of the
paralyzed arm are used in two situations: operation for motion
teaching and conditions for performing learned support actions.

The overview of work support after learning is depicted in
Figure 2C. The selection of learned data is based on the task name
recognized from voice information. During work support, the BES
of the paralyzed arm, motion information of the unaffected arm,
and voice information are collected as information on the user’s
intention and motion, as in the case of learning (Figure 2C(1)). Once
this information meets the phase-shift condition (Figure 2C(2)),
the phase shifts and corresponding actions (support actions)
are executed at any time (Figure 2C(3)). This allows for learned
support actions to be executed through a voluntary phase shift
based on the user’s intentions and movements, thereby realizing
seamless cooperative work and work support that correspond to
and are linked to the user’s intentions and the unaffected arm
without necessitating detailed operations. By incorporating the
user’s physical information and motor control function into the
control system, such as the BES from the paralyzed arm and the
motion information of the unaffected arm, the system becomes
a part of the user’s body and can smoothly perform cooperative
work with the unaffected arm to reflect intention as a part of the
body. Moreover, by learning the intention information input to
the system and the support actions according to the task during
application in daily life, it becomes possible to smoothly support
various cooperative tasks that are repeatedly performed in daily life.

In the following subsections, we describe in detail the operating
function that does not rely on the unaffected arm, the division
of support actions into movement phases, and the phase-shift
condition learning in this function.

2.3.1 Operating functions using information
about intention

When teaching support actions to the system, the unaffected
arm of the patient cannot be utilized, as it works in conjunction with
the system. Additionally, the user must be capable of operating the
system in detail, including controlling the movement position and
posture of the system’s hand. Furthermore, intuitive operation based
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on intention to move the paralyzed arm is considered beneficial, as
the system performs the movements of the paralyzed side. Therefore,
we developed a task-based operating function for moving, gripping,
and releasing the system using voice information that enables
detailed movement instructions and BES that reflect the intention
to move the paralyzed arm as an operating method that does not
require the unaffected arm. The force during the gripping operation
is taught and set at the start of the work support teaching. This force
is learned using the previously developed gripping force teaching
function (Toyama et al., 2017). The details of this function will be
provided in Section 2.3.4.2.

In the voice operation, the desired operation’s content is input
directly, enabling accurate and detailed operation. The system
also has a set of format input rules, such as “move 10cm
forward, which require input of a specific movement amount
and direction, accepting only inputs that conform to these rules
and thus preventing actions that result from incorrect input or
misrecognition. In addition, commands corresponding to expected
movement requests, such as “Come in front of me;” are provided.
During voice recognition, the LED blinks gradually, and the system
notifies the user with a voice message when recognition fails or
when an unregistered command is input. In the operation using BES,
the system can be operated according to the user’s own intention
to move by connecting the system with the movement intentions
from the brain-nervous system. This enables intervention in the
motion of a task-based robot hand-arm according to the user’s
intention information based on the BES and facilitates a more
intuitive operation. In this study, we initially assumed that the system
would be applied to patients with severe paralysis who can speak
and determine the use of voice information to specify detailed
tasks and operations. The use of the BES in the paralyzed arm was
adapted depending on the patient. Even if the signal is weak, the
part of the signal reflecting voluntary movement can be used to
operate a corresponding part of the system; for example, the signal
in the flexion/extension of the fingers will be used to trigger the
gripping/releasing operation of the system. Even in cases where
operation by a BES is difficult, it is possible to perform all operations
using voice commands.

2.3.2 Division of support actions into movement
phases

The series of support actions is divided into individual
movement phases based on the three phases of moving, gripping,
and releasing by separating them into different types of movement.
For the “move” phase, the following rules were added to the division,
considering the characteristics of the system operation:

(A) Owing to the characteristics of the voice-operated function
developed in this study, only one direction of movement can be
indicated at a time; therefore, the final position and posture are
more crucial than the movement path. Thus, the continuous
part of the moving action is divided into a single movement
phase, where the final position and posture are set as the
target position and posture. In work support based on the
learned data, movement to the target position and posture is
executed using the shortest path that considers the system’s
range of motion.

(B) Even when the moving action is continuous, there may be

situations where the robot is required to stop at a certain
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position. Therefore, when the user’s unaffected arm interacts
with the object gripped by the system, the user is prompted
to input a stop command: “Keep it” When a stop command
is input, the movement is divided into phases before and after
the stop, even if the movement type before and after the stop is
“Move”

The specific motion information for each movement phase to
be learned is as follows: for movement, the target position and
orientation of the hand; for gripping, the type of grip (two- or four-
finger) and the grip force value; for releasing, the hand opening
with full finger extension. Since the movements and positional
relationships that facilitate the same task are generally consistent,
the system provides identical support actions for each task. This
consistency allows the user to easily anticipate the movements,
contributing to smooth coordination. Furthermore, since the tasks
are performed together with the user’s unaffected arm, slight
misalignments can be compensated for by the unaffected arm. The
important point is that these support actions during the movement
phases are performed according to the user’s intentions, such as the
intention to move the paralyzed arm and the unaffected arm.

2.3.3 Phase-shift condition learning

Regarding the BES of the paralyzed arm, a signal that reflects
the user’s intention is used depending on the degree of paralysis.
Therefore, as a default learning, we developed a learning function
for the phase-shift conditions mainly based on the movement
information of the unaffected arm and voice so that it can be applied
regardless of the user. For user-tailored learning, we developed
a learning function that allows the BES of the paralyzed arm to
correspond to phase-shift conditions in combination with or in place
of the default learning conditions. In actual operation, the degree to
which a signal reflecting intention can be obtained from the BES of
the paralyzed arm is first checked, and the information used for the
phase-shift condition is then determined according to the user.

2.3.3.1 Default learning

In default learning, phase-shift conditions primarily rely on
sensor information from the movement of the unaffected arm, such
as the distance data DS between the robot hand and the work object
and the COF on the surface of the robot finger. DS reflects the
movement of the unaffected arm, bringing the work object closer
to or away from the system’s hand. COF indicates the direction in
which force is applied by the unaffected arm to the object gripped
by the system. The system compares sensor information before and
after each movement phase, learning phase-shift conditions based
on the changes in sensor values. The changes in DS and COF before
and after the start of the movement phase—ADS and ACOF—are
calculated and determined using Equations 1 and 2, respectively.

ADS = {

Dsphusefshiﬂ - Dshold (lDSphasefshift - Dshold > ADSthreshold)'

0 (else)
1
ACOF = { COthase,shiﬂ - COFhoId(|COthuse,shiﬂ - COthld > ACOFthreshnld)'
0 (else)

@)
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The timing of sensor values is held for phase-shift condition learning.
(A)In the case of phase shift from moving, the sensor values are held at
the start of movement. (B)In the case of phase shift from
gripping/releasing, the sensor values are held when the action is
completed.

Here, DSy snip and COFppq, g are the values measured
during the phase shift, and DS,,; and COF,,, are the values
measured and held before it. ADS,, .04 @and ACOF,, .04 are
thresholds to determine if each sensor value has changed and is
larger than the measurement noise of each sensor. The hold for each
sensor value is based on the following rules:

(A) In the “move” phase, each sensor value is held at the start of
the movement because a transition condition to the next phase
may occur at the completion of the movement; for example, if
there is an object within the grip range after the movement and
the DS value is decreasing (Figure 3A).

(B) In the “grip“/’release” phase, it is assumed that the contact
position between the robot finger surface and the gripped
object changes during the grip/release movement of the
system, leading to potential changes in the COE In this
study, to capture the changes in the COF caused by the
user’s unaffected arm movement, we removed the component
of the COF change caused by the system movement
by holding each sensor value at the completion of the
grip/release movement (Figure 3B).

The ACOF is captured asa COF vector (ACOF,,ACOF ) with the
COF hold-value as the origin (Figure 4). The COFs of a pair of facing
fingers were used to learn the phase-shift condition. This is because,
in both cases of two- and four-finger gripping, measuring the COFs
in a pair of two fingers enables the system to capture the direction
in which the unaffected arm is applying force to the gripped object.
For two-finger gripping, the system utilized the COF values from
tactile force sensors mounted on the fingers to learn the phase-shift
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COF vector with the COF hold value as the origin.

conditions. Similarly, for four-finger gripping, the COF values from
tactile force sensors on the upper two fingers were used for learning.

Since there is assumed to be a certain degree of variability in
the movement of the unaffected arm, which acts as the phase-
shift condition, a value that allows a certain degree of error in the
magnitude of the change for ADS and in the norm and direction for
the COF vector is learned as the phase-shift condition; additionally,
if ADS and ACOF for all sensors at the phase shift are 0—no change
observed in any sensor value—the voice command “next” is learned
as a phase-shift condition. During the work support after learning,
when the phase-shift condition is based on a voice command, the
LED ring at the base of the system turns orange to notify the user.
Furthermore, the first and last movement phases of the work support
involve movement from the standby position (home position) and
returning to it, respectively. Therefore, the first movement phase
is learned to automatically phase shift when the work support
starts, and the last movement phase is learned when the previous
movement phase is completed. This process enables automatic
learning of phase-shift conditions from sensor information on
human intention and movement obtained during work.

2.3.3.2 User-specific learning

In default learning, the phase-shift condition to the movement
phase is mainly based on sensor information regarding the motion
of the unaffected arm. Additionally, for users whose BES reflects
their movement intention and can be measured in their paralyzed
arm, the framework allows the user to adapt the BES to the
phase-shift conditions, either in combination with or by replacing
the default learning conditions. If the BES is difficult to detect
owing to paralysis, it cannot be used for detailed operations, such
as moving the system’s hand position. However, by applying the
intention information from the paralyzed arm’s BES to the phase-
shift conditions for the movement phases that constitute learned
work support, cooperative work based mainly on the paralyzed arm’s
movement intention becomes possible.

2.3.4 Other function details

2.3.4.1 Detection of intention to move from the paralyzed
arm'’s BES

In this study, we focus on patients with severe paralysis,
detecting and utilizing the intention of flexion/extension
movements from areas where signals corresponding to their
intention can be confirmed. In the BES of the paralyzed arm, it

is expected that, in addition to weak signals, 1) sparse signals
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(Figure 5A) and 2) sudden involuntary signals (Figure 5(b1)) as
well as signals from the antagonistic muscles (Figure 5(b2)) will
be present (Raghavan, 2015).

To address 1), a first-order lag system-based filter, which uses
the signal peak as input, is utilized to interpolate the sparse signals
into continuous signals while preserving the characteristics of the
voluntary signals (Figure 5A") (Masahiro et al., 2009). The intention
detection considers the involuntary signals mentioned in 2). First, as
a response to the involuntary signals from the antagonistic muscles,
a candidate intention, FE_,, 4> 1S determined by considering the
balance of flexion/extension signals using Equation 3.

n : n
Flexion (Vflﬂxiun > Finreshold N G flexionV flexion > Gextension V.

xtension)

n sl
FE Extension (V’ ctension > Elhreshuld n Gjlexion Vflex[mx < Gexlen.\‘ion Vexiension .

" None" (else)
(3)

candidate =

V fexion/extension T€PTesents the signals from the flexor/extensor
muscles, which have been interpolated into continuous signals.
F/E 051014 18 the threshold for detecting a signal increase that reflects
the intention to move, and Gpeyiop/extension 15 the gain for balance
adjustment. Then, as a response to the sudden involuntary signals,
the final estimation of flexion/extension intention is determined

based on sustained intentions derived from FE over a specific

candidate
period using Equation 4.

" ion!
Flexion (Ftime > Tthreshald)

FE (4)

n . n
Extension (Etime > Tthreshuld)'

"None" (else)

estimatied —
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Here,F,, ,and E
extension were continuously estimated in FE_,,jij..> respectively,
and T'y,eqn04 15 the temporal threshold for the final estimation of

time 1ime Tepresent the time during which flexion and

flexion/extension intention. Each parameter, including F/E .01
and Gjevion/extension> 1 adjusted for each patient during the initial
application. Through the above process, detection of intention
to move based on the BES from the paralyzed arm (Figure 5B')
is achieved.

2.3.4.2 Grip force learning and control function
The gripping force is learned according to the task and object

using the previously developed gripping force teaching function
(Toyama et al., 2017) (Figure 6A). First, the system’s hand is moved
to a position which makes it easier to teach the gripping force using
voice commands. Then, when the user grips the object from above
the system’s hand and says “Remember,” the system memorizes
the sensor value measured by the tactile force sensor for the task
and object.

When the system grips an object, and the user’s unaffected
arm is involved, such as turning over the lid of a container, the
object is temporarily pressed against the system’s finger surface
depending on the direction in which the lid is turned over,
increasing the contact pressure on the system’s finger surface.
In such cases, a simple grip force control that keeps the force
constant causes the fingers to open to reduce the force or fail
to maintain the balance of forces, leading to the gripped object
being dropped. To address this issue, in addition to the normal
grip force control, a control system was added that memorizes
the finger movement angle when the target grip force is first
reached and limits the extension movement angle based on the
memorized angle (Figure 6B). This enables the system to prevent
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(A) State of grip force teaching and learning. (B) Overview of the developed grip force control for the cooperative work.

unintended release of the gripped object during cooperative work
because the motion angle at which the object is gripped is
maintained even when the work object is temporarily pressed
against the system’s finger surface by the motion of the unaffected
arm. In this case, the force applied to the work object temporarily
increases; however, it is considered an increase in the force necessary
to perform the work, such as when the lid of a container is opened
by turning it.

3 Experiments and results

To confirm the feasibility and usefulness of a cybernic robot
hand-arm in assisting the work of patients with a single upper-limb
dysfunction, we conducted a pilot study involving actual patients.
The study was carried out in accordance with the experimental
protocol approved by the ethics committee of CYBERDYNE, Inc.,
where the experiments took place. Prior to the experiment, all
participants were briefed about the study and their informed consent
was obtained. In Section 3.1, we confirmed the feasibility of the
proposed method for learning cooperative work support with the
unaffected arm and providing work support based on the learned
data with the cooperation of three patients. To learn the phase-
shift conditions, we applied a default learning method that primarily
utilized the motion information of the unaffected arm, which is
applicable regardless of the degree of paralysis in the user’s arm. The
BES of the paralyzed arm was used as operational input to teach
the support movements, if available. In Section 3.2, we confirmed
the feasibility of work support based on learned data when a phase-
shift condition using the BES of the paralyzed arm was added as
user-specific learning. This experiment involved a patient for whom
the BES of the paralyzed arm was available. Finally, in Section 3.3,
as an effort to support daily tasks, we applied the system to
various daily tasks that a patient had difficulty performing, with
the cooperation of that patient. We aimed to determine whether
the system is capable of supporting a range of tasks encountered in
daily life.
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3.1 Experiment on learning and
implementation of work support in
cooperation with the unaffected arm

3.1.1 Design of the experiment

To confirm that the proposed system can learn work support
in cooperation with the unaffected arm and provide work support
based on the learned data, we conducted experiments involving
upper-limb work support for an individual with paralysis in one
arm. The tasks were “opening a medicine package” “opening
a PET bottle] and “eating a jelly cup,” which are difficult for
individuals with a single upper-limb dysfunction because they
require both hands (Skold et al., 2004; Mancuso et al., 2015). To
maintain a constant task difficulty level, participants received
specific instructions regarding the task details, such as tilting
the jelly cup as its contents decreased. As preparation for the
experiment, the grip force for each task was taught using the grip
force learning function (Toyama et al., 2017), which was developed
and confirmed for its basic performance. Additionally, the BES of
finger flexion/extension from the paralyzed arm were measured and
utilized to trigger the grip/release operation of the robot hand if it
was available as a signal corresponding to the intended movements.
When it was difficult to use the signal as an intention signal, voice
was used for all operations.

In the experiment, we initially confirmed that the participant
could operate the system using intention information via voice and
the BES of the paralyzed arm to execute the target task while teaching
support actions. We also confirmed that the system could learn these
support actions and phase-shift conditions corresponding to the
user and the task using the default learning method. Subsequently,
we confirmed that the system could cooperate with the unaffected
arm to perform the target task by providing work support based
on the learned data. The work support based on the learned data
was implemented three times for each task. Lastly, we conducted
a subjective evaluation of the system and its performance using a
questionnaire. The questionnaire details, along with the results, are
described in the following section.
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3.1.2 Participants

The experiment was conducted with three patients with paralysis
of one upper limb.

Participant A was a 27-year-old man with severe paralysis of the
left upper limb due to a brachial plexus injury. Although he could
slightly move his left-hand fingers, he was unable to use them for
functional tasks. The BES in finger flexion/extension of the left upper
limb exhibited a weak and sparse signal; however, it corresponded to
his intention, confirming the system’s ability to detect his intention
to move, thus enabling the operation of the system. Consequently,
the BES in the finger flexion/extension of the left upper limb was
utilized as a trigger for the grip/release operation of the robot hand,
while voice was employed for other operations.

Participant B, a 56-year-old man, experienced right hemiplegia
due to the aftereffects of cerebral hemorrhage, resulting in severe
paralysis of the right upper limb. Despite attempts, he was unable
to move his right upper limb. Additionally, he reported a slight
slurring of the tongue following the illness. No signal corresponding
to intention was detected in the BES of the right-hand fingers
during flexion/extension. It was confirmed that the participant could
execute all system operations using his voice. Consequently, voice
was employed for all operations.

Participant C, a 68-year-old man, had right hemiplegia due to
cerebral infarction, resulting in right upper limb paralysis. Although
he could move his right upper limb, his grip strength was weak,
and he experienced difficulty in movement. He also reported
approximately 20% lower speech ability compared to his normal
state. The BES in the finger flexion/extension of his right upper limb
exhibited a signal corresponding to his intention, confirming the
system’s ability to detect his intention to move and thus enabling
the operation of the system. Additionally, it was confirmed that the
participant could operate the system using voice. Consequently, the
BES in finger flexion/extension of the right upper limb was utilized
as a trigger for grip/release operation of the robot hand, while voice
was employed for other operations.

Participants B and C had scheduled rehabilitation sessions
before or after the experiment. To minimize their burden, the
experiment was divided into 3 days, with each day focusing
on one task.

3.1.3 Results
3.1.3.1 Learning of work support

It was confirmed that each participant could successfully
complete the target task while operating the system and teaching
support actions using intention information from voice and the
BES of the paralyzed arm. Additionally, it was confirmed that
the system could learn support actions and phase-shift conditions
corresponding to the participants and tasks. An example from
Participant A is provided below.

Figure 7 shows the experiment for the “eating a jelly cup” task.
First, the participant verbally input the name of the task for which
he wanted work support (Figure 7A). As work support had not been
learned, the system prompted the participant to teach the support
action (Figure 7B). Next, the participant instructed the system to
move its hand to the open work position, which the system executed
(Figure 7C). The unaffected arm then brought the jelly cup into the
gripping range of the system. Subsequently, the intention to flex the
fingers was detected by the BES of the paralyzed arm (Figure 7D),

Frontiers in Robotics and Al

11

10.3389/frobt.2024.1455582

and the system performed the gripping action. Adjusting to the
size and position of the jelly cup, the system’s four fingers gripped
it firmly (Figure 7E). The participant then instructed the system
to hold the jelly cup in that position (Figure 7F) and opened it
using the unaffected arm (Figure 7G). Following that, the participant
instructed the system to move the jelly cup close to his mouth
to facilitate eating, which the system executed (Figures 7H,I).
Afterward, the participant instructed the system to hold the jelly
cup in position (Figure 7]) and ate the jelly using a spoon with the
unaffected arm (Figure 7K). As the jelly cup approached emptiness,
the participant instructed the system to tilt the cup and hold it in that
position (Figures 7L, M). Upon finishing the jelly, the participant
instructed the system to move the cup to a position where it would be
easier to receive it (Figures 7N, O). As the unaffected arm received
the cup, the intention to extend the fingers was detected from the
BES of the paralyzed arm (Figure 7P), and the system released the
cup (Figure 7Q). After the participant received the cup, the system
was instructed to complete the learning (Figure 7R); the system’s
hand returned to its initial position, completing the work support
and learning process.

Figure 8 shows the sensor data measured during the
experiment, and Table 1 lists the learned data obtained. From this
learning, the taught sequence of support actions was divided into
seven phases: Move A, Grip A, Move B, Move C, Move D, Release A,
and Move E. The phase-shift conditions for the first and last phases,
Phases 0 (Move A) and 6 (Move E), respectively, were learned to
automatically perform the phase shifts according to the developed
learning algorithm. For the phase-shift condition to Phase 1 (Grip
A), the movement of the unaffected arm carrying the jelly cup
into the gripping range of the system was learned as a decrease
in the distance to the working object at distance sensors 1 and
2. For the phase-shift conditions to Phases 2 (Move B), 3 (Move
C), and 4 (Move D), voice commands were learned as conditions
because no change was detected in the sensor information before
and after the phase shift. For the phase-shift condition to Phase
5 (Release A), the force exerted by the unaffected arm in the
direction of receiving the jelly cup was learned as the movement
of the COF measured on the surface of the robot finger gripping the
jelly cup.

3.1.3.2 Work support based on the learned data

It was confirmed for each participant that the system executed
each support action in response to and in conjunction with the
work phase and the movement of the unaffected arm. Phase shifts
to each movement phase were based on the learned data and
sensor information, ensuring that the participant could complete
the target task. All participants were able to successfully complete
all three trials for each task. Table 2 illustrates a comparison
of work time with and without teaching support. Work time
significantly decreased with the implementation of work support
based on learned data. An example from Participant A is
provided below.

Figure 9 shows the work support of the “eating a jelly cup” task
based on the learned data shown in Table 1, and Figure 10 shows
the sensor data measured during the work. First, the participant
entered the name of the task for which he wanted work support
through voice input (Figure 9A). As work support for the target
task had already been learned, it was initiated (Figure 9B). Phase 0
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The work support learning the “eating a jelly cup” task. (A) Participant inputs task name; (B) System prompts for support action teaching; (C) Participant
instructs to move hand to open work position; (D,E) Intention to flex fingers is detected by BES of paralyzed arm, and system grips jelly cup; (F)
Participant instructs to hold cup; (G) Cup is opened with unaffected arm; (H,I) Participant instructs to move cup close to mouth; (J) Participant
instructs to hold cup in position; (K) Participant eats jelly; (L,M) Participant instructs to tilt cup and hold it in position as it nears emptiness; (N,O) Upon
finishing jelly, participant instructs to move cup to position for easier receiving; (P,Q) Intention to extend fingers is detected by BES, and system releases
cup; (R) Participant instructs to finish learning.

(Move A) was performed automatically (Figure 9C), and the phase  participant confirmed the voice command’s effect by observing the
shift to Phase 1 (Grip A) was performed when the jelly cup was  orange illumination of the system’s LED. Phase shift to Phase 5
brought into the gripping range of the system by the unaffected  (Release A) occurred when the participant attempted to receive the
arm and the distance to the work object in the two distance sensors  jelly cup with the unaffected arm; the norm of the COF vector due
fell below a threshold value set based on learned data (Figures 9D,  to the COF movement exceeded the threshold, and the angle was
10A). Phase shifts to Phases 2 (Move B), 3 (Move C), and 4 (Move  within the threshold (Figures 9H, 10E). Finally, a phase shift to Phase
D) were triggered when the voice command “Next” was input at 6 (move E) was automatically performed (Figure 91). Thus, each
the intended timing by the participant (Figures 9E-G, 10B-D. The  support action corresponded and linked with the work phase and

Frontiers in Robotics and Al 12 frontiersin.org


https://doi.org/10.3389/frobt.2024.1455582
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

Toyama et al.

10.3389/frobt.2024.1455582

Move C Move D Release A
g : Grip A Move B \' l _/!_ Moye £
g S0\ e
9 L
£ 3/ Move A
2 -
1 L
0 . . : : . ! Measurement points
= 200 - . : \ for the paralyzed
‘E, 150 . L Sensor2 ’s BES
g ; [T ——-Holdl
g 100 r 3 ' ——-Hold2
2 ' L ==
0 1 1 1 1 1 J
= & ] e Target force
= G L —Grip force
g r
L~ T R e
8 47
£ 2]
0 1 1 1 r— )
E‘ 10 Sensorl
& Sensor2
E sl
z Il
: i [
S 0 L . . \ . ) ) 5
& 180y Sensorl BES: Release
L 90 ——— Sensor2
)
< 0 o !
B L
) 90
Q -180 1 1 I 1 1 J
100 ——Flexion
o L ~—— Extension No.1
g_ 20 “ l lL —— Detection result
= 0 T
@ O l No2
m -50 -
-100 . . . . . ) Distance sensor Tactile force sensor
0 20 40 60 80 100 120
Time [s]
FIGURE 8
Sensor data measured in learning the “eating a jelly cup” task. The red circles show the characteristic changes in sensor values observed when the next
action occurs.

movement of the unaffected arm by phase shifting to each movement
phase based on learned data and sensor information, enabling the
completion of the target work.

3.1.3.3 Subjective evaluation by questionnaire
Table 3 presents the results of a questionnaire administered

after the experiment. Each item is rated on a 5-point scale, with
“1” indicating strongly disagree and “5” indicating strongly agree.
Participant B provided detailed answers, including decimal points
for some of the evaluation items, which were used in the evaluation.
The questionnaire survey confirmed that the system’s operation and
work time were generally highly evaluated in the work-support
learning experiment. Additionally, for the work support experiment
based on the learned data, high overall evaluations were obtained
for both work support and time. Furthermore, in both experiments,
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participants A and C, who used BES for operation during learning,
experienced the system as if it were their own arm.

3.2 Experiment using a voluntary control
system in which the phase-shift function
using BES is added to the control system
after learning

When the BES are difficult to detect owing to paralysis, it
is difficult to use them for detailed operations such as adjusting
the system’s hand position, even though it is possible to estimate
movement intentions at a basic level, such as flexion/extension
and weakness/non-weakness. However, for the movement phases
constituting learned work support, intention information from
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TABLE 1 Learning result of the "eating a jelly cup” task with participant A.

Phase Movement Phase-shift condition
0 Move A Automatic
Position (350, 0, 30) [mm]
Posture (0, 90, 0) [deg]
1 Grip A: 4.4 [N] ADistancel £ —112 [mm)]
ADistance2 £ -119 [mm]
2 Move B Voice command
Position (350, —100, 180) [mm]
Posture (0, 90, 0) [deg]
3 Move C Voice command
Position (350, —100, 180) [mm]
Posture (0, 90, 30) [deg]
4 Move D Voice command
Position (350, 0, 30) [mm]
Posture (0, 90, 0) [deg]
5 Release A Norml 2 3.1 [mm]
Norm?2 2 2.0 [mm]
—57 < Anglel £ 3 [deg]
—62 < Angle2 < -2 [deg]
6 Move E Automatic
Position (250, 0, 400) [mm]
Posture (0, 90, 00) [deg]

Position (x, y, z), Posture (Roll, Pitch, Yaw)

TABLE 2 Comparison of work time.

Participant A Participant B Participant C

WT [s] WLD [s] WLD WLD
Opening a medicine package 48 26+2.2(46%)) 96 36 +4.5(63%]) 70 3945 (44%))
Opening a PET bottle 51 29+ 0.5 (44%]) 66 27+ 1.7 (60%]) 74 34 +2.1(55%])
Eating a jelly cup 104 59 + 1.7 (44%]) 152 63 2.5 (58%]) 126 80+ 0.9 (36%])

WT: Work time with teaching WLD: Work time with learned data, represented as mean + standard deviation Numbers in parentheses indicate the reduction in time when comparing the mean
value of WLD to WT

the paralyzed arm’s BES regarding movement intentions, such as  work support based on the movement intentions of the paralyzed
moving, gripping, and releasing, can be utilized as the trigger for ~ arm. Therefore, we conducted a work support experiment where
phase shifts, even at a basic level. This allows for the provision of = the BES was incorporated into the phase-shift conditions for the
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Help me eat
the jelly.

OK, I help you eat '
the jelly.

FIGURE 9

automatically.

The work support of the “eating a jelly cup” task based on the learned data. (A) Participant inputs task name; (B) Work support for target task is initiated;
(C) Move A is performed automatically; (D) Grip A is performed when cup is brought into system'’s hand; (E-G) Move B, Move C, and Move D are
triggered by voice command “Next”; (H) Release A is performed as participant attempts to receive cup with unaffected arm; (I) Move E is performed

learned data to confirm that phase shifts could be performed
according to the movement intention based on the BES of the
paralyzed arm and that work support could be provided in
cooperation with the unaffected arm according to the user’s
intention.

The experiment was conducted with the cooperation of
participant A, who had paralysis in his left upper limb due to
nervous system damage (see Section3.1.2). In the subjective
evaluation of the system and work, questionnaire items related
to work support based on learned data were selected from
the evaluation items used in the experiment described in
Section 3.1. The learned data for the work support of “eating
a jelly cup” obtained in the previous experiment (Section 3.1)
was utilized for this experiment. For movement phases (Phases
2, 3, and 4), where voice commands were initially learned
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as phase-shift conditions, the BES reflecting the intention to
move the paralyzed hand-arm position were used instead.
These captured the intention to move the fingers and wrist,
and the motion intention of flexion/extension was used as a
phase-shift condition. This decision was based on observations
from preliminary measurement tests, where
movements of the fingers and wrists were
the participant was consciously attempting to
position of the paralyzed arm. Owing to the overlapping muscle

small, complex
observed when
move the hand

groups responsible for each movement, the same electrode was
used for measurement. The work support was implemented
three times.

Figure 11 shows the experiment and measured sensor data. Each
support action was performed in response to and in conjunction
with the work phase and movement of the unaffected arm,
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FIGURE 10
Sensor data measured in the work support of the “eating a jelly cup” task based on the learned data. (A) Phase shift to Phase 1 (Grip A) occurs when jelly
cup is brought into system'’s hand and distance values fall below a threshold set based on learned data. (B—D) Phase shifts to Phases 2 (Move B), 3
(Move C), and 4 (Move D) are triggered by voice command “Next"; (E) Phase shift to Phase 5 (Release A) occurs as participant attempts to receive cup
with unaffected arm; the norm of the COF vector due to COF movement exceeds the threshold, and the angle is within the threshold.

TABLE 3 Questionnaire results of the experiment by participants. (five-grade evaluation).

Questionnaire Participant A ‘ Participant B Participant C

spg e e e

1. About work while teaching work support to the robot

1.1 Were you able to operate the robot as intended? 5 4 4 5 5 5 5
1.2 Do you think the working time is within the range that you can do in your daily life? 5 3 5 5 5 5 5
1.3 Did you feel that the robot was like your arm? 5 1 1 1 5 5 5

2. About work after teaching

2.1 Did the robot help you with the work as you intended? 5 3 5 3 5 5 5
2.2 Do you think the working time is within the range that you can do in your daily life? 5 3.5 5 4 5 5 5
2.3 Did you feel that the robot was like your arm? 5 1.5 1 1 5 5 5

M: opening a medicine package, P: opening a PET bottle, J: eating a jelly cup
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FIGURE 11
Measured sensor data in the work support with a control system with BES ad
command). (A-C) Phase shifts based on BES of paralyzed arm.

tm

BES: Flexion

ded as phase-shift conditions instead of the learned conditions(voice

resulting in the completion of the target task in all trials. As
shown in Figures 11A-C, phase shifts to the movement phases with
phase-shift conditions based on the BES were performed when the
intention of flexion/extension was detected from the BES of the
fingers/wrist, reflecting the intention to move the hand position of
the paralyzed arm. For the BES of the paralyzed arm, the phase-
shift condition was the intention to flex or extend the fingers and
wrist. However, focusing on the motion intention of the wrist, it was
observed that the motion intention based on the BES during the
phase shift corresponded to the detailed movement content of the
system. During the movement to bring the gripped jelly cup close
to the mouth, the intention to flex the wrist to bring the paralyzed
arm’s hand close to the mouth was detected (Figure 11A). During
the wrist-tilting movement, the intention to flex the wrist of the
paralyzed arm was detected (Figure 11B). When the jelly cup was
lowered onto the desk, the intention to extend the wrist to lower
the paralyzed arm’s hand downward was detected (Figure 11C). The
average work time was 59 s, with a standard deviation of 1.7 s before
changing the phase-shift conditions from voice commands to BES;
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however, in this experiment, it was significantly reduced to 44 s, with
a standard deviation of 0.9 s.

The results of the questionnaire after the experiment were as
follows. “Did the robot help you with the work as you expected?”
received a score of 5, “Do you think the working time is within the
range that you can do in your daily life?” received a score of 5, and
“Did you feel that the robot was like your arm?” also received a
score of 5. High scores were confirmed for work support and time.
Furthermore, the participant felt that the system was similar to his
arm. Additionally, the participant commented, “I felt as if the robot
was my arm more than in any other experiment I have done so far”

3.3 Effort to support daily tasks

By applying the system to various tasks with which the
participant had difficulties in daily life, in addition to the three
tasks targeted in Section 3.1, we confirmed that the system could
support a variety of tasks in the users’ daily lives. The experiment
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was conducted with Participant A’s cooperation. The following seven
tasks were deemed safe to perform with the system from among
the tasks with which the participant actually had difficulties in
daily life: 1) opening packaged bread, 2) putting toothpaste on
a toothbrush, 3) stapling papers together, 4) cutting paper with
scissors, 5) administering eye drops, 6) applying lip balm, and 7)
applying medicine. The system was applied to these tasks, and
it was confirmed that each task could be performed (Figure 12).
Considering the burden on the participant due to the large number
of tasks, the work support after learning was conducted once
for each task.

4 Discussion

Patients with a single upper-limb dysfunction face various
challenges, such as difficulty or impossibility in performing tasks
and overloading on one arm owing to their inability to use
the other arm. A robot hand-arm to replace the paralyzed limb
would be beneficial in addressing this fundamental problem.
However, conventional robot hand-arms for persons with upper-
limb dysfunctions have been designed for individuals with bilateral
upper-limb dysfunction, and tasks are performed only by the
robot hand-arm. None have been designed to perform cooperative
tasks with the unaffected arm of individuals with a single upper-
limb dysfunction. In conventional methods, there have been
issues such as restricting the physical movements necessary for
cooperative tasks that include the unaffected arm and the inability
to achieve smooth coordination with the unaffected arm in motions
that reflect the user’s intentions (Figure 1). In response to these
issues, this study proposed and developed a cybernic robot hand-
arm that functions based on intention information, utilizing a
control system that combines voluntary and autonomous control.
The system autonomously executes support actions (movement
phases) according to the user’s unaffected arm and the work
phase, using input of BES from the paralyzed arm and the
movement information of the unaffected arm as the information
that reflects the intention to move in cooperative work involving
both hands, as well as voice intention information. This would
enable seamless cooperative work and work support that correspond
to and are linked to the users intentions and the unaffected
arm without requiring detailed operations. The system learns
such work support for various tasks in daily use. Consequently,
we achieved support for various upper-limb tasks for people
with a single upper-limb dysfunction which were previously
difficult.

4.1 Experiment on learning and
implementation of work support in
cooperation with the unaffected arm

In this experiment, we confirmed the feasibility of the proposed
method for learning cooperative work support with the unaffected
arm and for performing work support based on the learned data
with the cooperation of three patients with a single upper-limb
dysfunction, each with varying degrees of disability. To learn the
phase-shift conditions, we employed a default learning method that
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mainly relies on motion information from the unaffected arm rather
than the BES of the paralyzed arm, making it applicable regardless
of the extent of paralysis. One participant was unable to generate
a BES reflecting his intention but could utilize the system by using
voice for all operations related to teaching support movements.
These findings suggest that the system can be employed across
a diverse range of patients, irrespective of the condition of their
paralyzed arm.

In learning the work support, cooperative work between the
system and the participant’s unaffected arm became feasible through
the operation using intention information from voice and the
BES of the paralyzed arm. Each participant successfully completed
the target task while teaching the support action to the system.
Moreover, the system learned the support actions and phase-
shift conditions tailored to the participants and tasks during the
actual work. Furthermore, the questionnaire (Table 3) subjectively
confirmed that the intended operation could be performed and that
the work time was sufficient to perform the operation in daily life.
These results confirm that the participants were able to complete the
target task while operating the system and teaching support actions
using their intention information. Only the evaluation of work time
for the “opening a medicine package” task by Participant B was
lower compared to the evaluations for the other tasks. Participant
B commented, “The medicines I usually take are in pill form, so I
can open them with one hand. Considering this, opening them with
one hand is faster” This suggests that the lower evaluation for this
task was due to comparing the work time to opening a tablet-type
medicine, which can be done with one hand.

In the work support based on learned data, it was confirmed
that the system executed each support action in response to and
in conjunction with the work phase and the movement of the
unaffected arm through phase shifts to each movement phase
based on the learned data and sensor information, allowing each
participant to complete the target task. The results indicated that
the learned data were appropriate for cooperative work with
the participant’s unaffected arm and for providing work support.
Additionally, work time significantly decreased for all participants
compared to before learning (Table 2). For example, in the task of
opening a medicine package, all participants were able to complete
it in approximately half the time after learning. This reduction is
attributed to the proposed method, which features a control system
combining voluntary and autonomous control and autonomously
performs actions based on the input reflecting the user’s intention,
allowing seamless cooperation between the system and the user’s
unaffected arm without requiring detailed operations. Furthermore,
the questionnaire revealed that the work support and work time
were generally highly evaluated (Table 3), subjectively confirming
that work support was provided according to the patients intention
and that the work time was sufficient to perform the tasks in daily
life. These results confirm that work support based on learned
data enables cooperation with the unaffected arm according to the
user’s intention and smoother execution of the target task. The
evaluation of work time was highly rated in the questionnaire even
for the work with teaching. This can be attributed to the fact that
the tasks could not originally be performed with one hand, or, if
possible, required a significant amount of time. This indicates that
the teaching process for new tasks can be conducted in a stress-
free manner and that smoother work is realized after learning. The
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s

Task 2 : Putting toothpaste on a toothbrush.

Task 5 : Administering eye drops.

Task 7 : Applying medicine.

FIGURE 12
Work support based on the learned data for target tasks 1 to 7.

slightly lower ratings for “opening a medicine package” and “eatinga  package,” as mentioned earlier, this may have been influenced by
jelly cup” in Participant B compared to the other participants maybe  the comparative evaluation with tablet-type medicines. For the
due to the following reasons. Regarding the task “opening a medicine jelly-eating task, Participant B commented, “I felt that I could not
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fine-tune the systems hand position additionally, and if that was
the case, I felt that the previous experiment (learning of work
support) was better because I could adjust it more freely” This
comment reflects a lower evaluation compared to the previous
experiment (learning of work support). Regarding the operation
requests mentioned in the comment above, we aim to improve work
support based on learned data so that fine adjustment of the hand
position can be performed as needed.

In both the learning of work support and work support based
on learned data, it was observed from the questionnaire that all
the participants who used the BES for operation while learning
perceived the system as a part of their body, with the highest
rating of 5 (Table 3). In contrast, the participant who used only
voice for operation gave a rating of 1. Thus, when the BES of
the paralyzed arm is used, the system provides a sense of unity
with the body. This may be because the system was connected to
the user’s intention to move from the brain nervous system and
performed movements in place of the paralyzed arm according to
the user’s intention. It is thought that this perception of oneness
with the body was maintained in work support based on learned
data that did not include BES in the phase-shift condition. The
phenomenon of sensory integration between the system and the
user’s body is a significant discovery, and we believe that it will
further strengthen the development of the field of cybernic robot
hand-arms. Therefore, we aim to increase the number of participants
and conduct experiments with a group that uses BES and a group
that does not to verify this phenomenon. Additionally, the use
of BES from the paralyzed arm provides an opportunity to move
the arm that could not be used for work owing to limited motor
functions caused by paralysis within its possible range of motion.
Consequently, secondary effects such as the maintenance of residual
functions and prevention of disuse are expected. Because it is
beneficial to be able to obtain these secondary effects on a daily
basis through working with the system, future research will include
the verification of these secondary effects during the long-term
application of the system.

4.2 Experiment using a voluntary control
system in which the phase-shift function
using BES is added to the control system
after learning

In this experiment, we confirmed that phase shift based on the
intention to move using the paralyzed arm’s BES and cooperative
work support with the unaffected arm according to the intention
were possible in the movement phase where the phase-shift
condition was replaced with the BES from the default learning
condition. From the results, it is inferred that even if the BES
is challenging to detect and utilize for detailed operations during
learning, work support aligned with the movement intention of the
paralyzed arm is feasible by incorporating the BES into the phase-
shift conditions of the movement phases that constitute the learned
work support. The average work time was 59 s, with a standard
deviation of 1.7 s before changing the phase-shift conditions from
voice commands to BES; however, in this experiment, it was
significantly reduced to 44 s with a standard deviation of 0.9s.
This result is likely because the BES from the paralyzed arm input

Frontiers in Robotics and Al

10.3389/frobt.2024.1455582

that directly indicates the intention to move in the coordinated
movements of the two hands contributed to the realization of
more integrated movements with the body compared to voice
information. Furthermore, compared to before the addition of this
function, where the BES was solely used for operations during
teaching support actions, an increased sense of unity with the
body was confirmed. This is believed to be due to the enhanced
execution of support actions in accordance with the intention to
move using the BES for work support. In this experiment, we applied
the system by replacing the default learned phase-shift condition;
however, it can also be used in combination, and various forms of
application can be attempted depending on the user. For example,
for a patient with many involuntary signals in their paralyzed arm’s
BES, a hybrid condition with other sensor information may realize
phase shifting and work support according to the intention of the
paralyzed arm to move. Additionally, various BES not limited to
the flexion/extension of fingers, such as those from the elbow and
shoulder, can be employed for the system. A system capable of these
diverse applications was developed in this study. We aim to verify
which form of application is more effective for different disability
situations when the number of research participants increases in
the future.

4.3 Effort to support daily tasks

In this study, we applied the system to seven tasks that were
difficult for the participant in his daily life and confirmed that
each task could be performed. The proposed method enables the
user’s arm to perform tasks such as using tools like scissors, which
are difficult for robots owing to safety and hardware limitations.
Therefore, tasks that are challenging for robots alone or for
individuals with a single upper-limb dysfunction alone can be
accomplished through the cooperation of both the robots and the
user. Additionally, the proposed method includes a framework that
can learn the work support corresponding to each user and task.
Hence, the system can be applied to support various tasks in the daily
lives of patients, improving their quality of life by enabling them
to perform tasks that were previously difficult, including those in
this study, through work support that cooperates with the unaffected
arm according to the user’s intention. Currently, there are some
limitations to the applicable tasks, such as the inability to support
cooking tasks owing to waterproofing issues. However, it is expected
that more tasks will be supported by making the system waterproof
and preparing attachment-type end effectors specialized for work
environments such as cooking. Additionally, the gripping force is
fixed according to the force learned for each task in this study. To
address more diverse tasks, such as adjusting the gripping force to
prevent slipping when the weight of the object increases during a
task, we aim to implement a function that adjusts the gripping force
in response to changes in the object’s weight. The tactile force sensor
installed in our system can detect the forces applied to the gripped
object and is also effective in detecting weight changes.

Through these experiments on patients with a single upper-limb
dysfunction, we confirmed the feasibility and usefulness of various
cooperative tasks and work support that reflect the user’s intention
using the developed cybernic robot hand-arm.
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5 Conclusion

In order to provide support for upper-limb tasks in daily life
for patients with a single upper-limb dysfunction, a challenge
that has been difficult to overcome, we proposed and developed
a cybernic robot hand-arm with the following features: 1) input
of BES that reflects the intention to move from the paralyzed
arm, motion information from the unaffected arm, and voice-
based intention information; 2) autonomous control of support
movements according to the unaffected arm and work phase;
3) a control system that integrates voluntary and autonomous
control by combining 1) and 2), allowing for smooth work
support in cooperation with the unaffected arm reflecting intention
as a part of the body; and 4) a learning function to provide
such work support across various tasks in daily use. The system
learns to support new tasks by working with the user through
an operating function that does not require operation by the
unaffected arm. The system divides the support actions into
movement phases and learns the phase-shift conditions from the
sensor information on the user’s intention. After learning, the
system autonomously performs learned support actions through
voluntary phase shifts based on input of the user’s intention via
BES from the paralyzed arm, the unaffected arm’s motion, and
voice, enabling smooth collaborative work with the unaffected
arm. We conducted a pilot study involving three patients and
confirmed that the system could learn and provide smooth work
support in cooperation with the unaffected arm that reflected
the user’s intention, successfully completing tasks that had been
difficult for them. Additionally, the questionnaire confirmed that,
subjectively, cooperative work according to the user’s intention was
achieved, and that the work time was within a range feasible for
daily life. These results confirmed the feasibility and usefulness
of the proposed method. Additionally, it was observed from the
questionnaire that participants who used BES for the control
system as their intention information perceived the system as
part of their body. In future research, we aim to increase the
number of patients and tasks to which the proposed method is
applied in order to further verify its range of applicability and
usefulness, as well as the phenomenon of sensory integration with
the body.

Data availability statement

The original contributions presented in the study are included
in the article/Supplementary Material; further inquiries can be
directed to the corresponding author.

Ethics statement

The studies involving humans were approved by the Ethics
Committee of CYBERDYNE, Inc. The studies were conducted
in accordance with the local legislation and institutional
requirements. The participants provided their written informed
consent to participate in this study. Written informed consent

Frontiers in Robotics and Al

21

10.3389/frobt.2024.1455582

was obtained from the individual(s) for the publication
of any potentially identifiable images or data included in

this article.

Author contributions

HT: conceptualization, investigation, methodology, software,
and writing-original draft. HK: project administration, resources,
supervision, and writing-review and editing. YS: conceptualization,
funding acquisition, project administration, resources, supervision,
and writing-review and editing.

Funding

The author(s) declare that financial support was received
for the research, authorship, and/or publication of this article.
A part of this research was funded by ImPACT Program,
promoted by the Council for Science, Technology and Innovation,
Cabinet Office, Japan. This research partially includes the results
of Cross-ministerial Strategic Innovation Promotion Program
(SIP) 3rd Phase, “Expansion of fundamental technologies
and development of rules promoting social implementation
to expand HCPS Human-Collaborative Robotics” promoted
by Council for Science, Technology and Innovation (CSTI),
Cabinet Office, Government of Japan. (Project Management
Agency: New Energy and Industrial Technology Development
Organization (NEDO), Project Code: JPJ012494, HCPS: Human-
Cyber-Physical Space). The Cybernic robot hand-arm is a
core technology of “HCPS Human-Collaborative Robotics,”
a robot technology that fuses humans with cyber-physical
spaces.

Conflict of interest

Authors HT, HK, and YS were employed by CYBERDYNE, Inc.

Publisher’s note

All claims expressed in this article are solely those
of the authors and do not necessarily represent those of
their

the editors, and the reviewers. Any product that may be

affiliated organizations, or those of the publisher,
evaluated in this article, or claim that may be made by
its manufacturer, is not guaranteed or endorsed by the

publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/frobt.2024.
1455582/full#supplementary-material

frontiersin.org


https://doi.org/10.3389/frobt.2024.1455582
https://www.frontiersin.org/articles/10.3389/frobt.2024.1455582/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/frobt.2024.1455582/full#supplementary-material
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

Toyama et al.

References

Ahn, M., Brohan, A., Brown, N., Chebotar, Y., Cortes, O., David, B., et al. (2022).
Do as i can, not as i say: grounding language in robotic affordances. arXiv Prepr.
arXiv:2204.01691. doi:10.48550/arXiv.2204.01691

Alqasemi, R., and Dubey, R. (2007). “Maximizing manipulation capabilities for
people with disabilities using a 9-DoF wheelchair-mounted robotic arm system,”
in 2007 IEEE 10th international conference on rehabilitation Robotics, 212-221.
doi:10.1109/ICORR.2007.4428429

Aspelund, S., Patel, P,, Lee, M. H., Kagerer, F. A, Ranganathan, R., and Mukherjee, R.
(2020). Controlling a robotic arm for functional tasks using a wireless head-joystick: a
case study of a child with congenital absence of upper and lower limbs. PLOS ONE 15
(8), €0226052. doi:10.1371/journal.pone.0226052

Backe, B., Magnussen, E. B., Johansen, O. J., Sellaeg, G., and Russwurm, H. (2008).
Obstetric brachial plexus palsy: a birth injury not explained by the known risk factors.
Acta Obstetricia Gynecol. 87 (10), 1027-1032. doi:10.1080/00016340802415648

Etac (2024). Etac Fix preparation board. Available at: https://www.etac.com/en-
us/us/products/small-aids-for-daily-living/kitchen-aids/etac-fix/ (Accessed June 14,
2024).

Fall, C. L., Turgeon, P,, Campeau-Lecours, A., Maheu, V., Boukadoum, M., Roy, S.,
etal. (2015). “Intuitive wireless control of a robotic arm for people living with an upper
body disability,” in 2015 37th annual international conference of the IEEE engineering in
medicine and biology society (EMBC), 4399-4402. doi:10.1109/EMBC.2015.7319370

Hillman, M., Hagan, K., Hagan, S., Jepson, J., and Orpwood, R. (2002). The
Weston wheelchair mounted assistive robot-the design story. Robotica 20 (2), 125-132.
doi:10.1017/S0263574701003897

Karunasena, S. P, Ariyarathna, D. C., Ranaweera, R., Wijayakulasooriya, J.,
Kim, K., and Dassanayake, T. (2021). “Single-channel EEG SSVEP-based BCI
for robot arm control,” in 2021 IEEE sensors applications symposium (SAS), 1-6.
doi:10.1109/SAS51076.2021.9530189

Kim, Y. ., Park, S. W,, Yeom, H. G., Bang, M. S., Kim, J. S., Chung, C. K,, et al. (2015).
A study on a robot arm driven by three-dimensional trajectories predicted from non-
invasive neural signals. Biomed. Eng. online 14, 81-19. doi:10.1186/512938-015-0075-8

Maheu, V., Archambault, P. S., Frappier, J., and Routhier, F. (2011). “Evaluation of the
JACO robotic arm: clinico-economic study for powered wheelchair users with upper-
extremity disabilities,” in 2011 IEEE international conference on rehabilitation Robotics,
1-5. doi:10.1109/ICORR.2011.5975397

Mancuso, C. A, Lee, S. K., Dy, C. ], Landers, Z. A., Model, Z., and Wolfe, S. W. (2015).
Expectations and limitations due to brachial plexus injury: a qualitative study. Hand 10
(4), 741-749. d0i:10.1007/s11552-015-9761-z

Masahiro, S., Kiyoshi, E., and Yoshiyuki, S. (2009). Substitution of motor function
of polio survivors who have permanent paralysis of limbs by using cybernic
voluntary control. IEEE Int. Conf. Robotics Biomimetics (ROBIO) 16, 504-509.
doi:10.1109/ROBIO.2009.5420698

Peng, E, Li, M., Zhao, S. N., Xu, Q,, Xu, J., and Wu, H. (2022). Control of a robotic
arm with an optimized common template-based CCA method for SSVEP-based BCI.
Front. Neurorobotics 16, 855825. doi:10.3389/fnbot.2022.855825

Performance Health (2024). Homecraft belliclamp jar and bottle holder. Available
at: https://www.performancehealth.co.uk/homecraft-belliclamp-jar-and-bottle-holder
(Accessed June 14, 2024).

Poirier, S., Routhier, E, and Campeau-Lecours, A. (2019). “Voice control interface
prototype for assistive robots for people living with upper limb disabilities,” in
2019 IEEE 16th international conference on rehabilitation Robotics (ICORR), 46-52.
doi:10.1109/ICORR.2019.8779524

Raghavan, P. (2015). Upper limb motor impairment after stroke. Phys. Med.
Rehabilitation Clin. 26 (4), 599-610. doi:10.1016/j.pmr.2015.06.008

Frontiers in Robotics and Al

22

10.3389/frobt.2024.1455582

Romer, G. R. B. E,, Stuyt, H. J., and Peters, A. (2005). “Cost-savings and economic
benefits due to the assistive robotic manipulator (ARM),” in 9th international conference
on rehabilitation Robotics, 201-204. doi:10.1109/ICORR.2005.1501084

Rosson, J. W. (1987). Disability following closed traction lesions of the brachial plexus
sustained in motor cycle accidents. J. Hand Surg. Br. and Eur. Volume 12 (3), 353-355.
doi:10.1016/0266-7681(87)90187-2

Rulik, I, Sunny, M. S. H., Sanjuan De Caro, J. D., Zarif, M. L. I, Brahmi, B,
Ahamed, S. 1., et al. (2022). Control of a wheelchair-mounted 6DOF assistive robot
with Chin and finger joysticks. Front. Robotics AI 9, 885610. doi:10.3389/frobt.2022.
885610

Saita, K., Morishita, T., Arima, H., Hyakutake, K., Ogata, T., Yagi, K., et al. (2018).
Biofeedback effect of hybrid assistive limb in stroke rehabilitation: a proof of concept
study using functional near infrared spectroscopy. PLOS ONE 13 (1), e0191361.
doi:10.1371/journal.pone.0191361

Sankai, Y. (2011). HAL: hybrid assistive limb based on cybernics. Robotics Res.
Springer Tracts Adv. Robotics 66, 25-34. d0i:10.1007/978-3-642-14743-2_3

Scalera, L., Maset, E., Seriani, S., Gasparetto, A., and Gallina, P. (2021). Performance
evaluation of a robotic architecture for drawing with eyes. Int. J. Mech. Control 22, 53-60.

Shahria, M. T., Ghommam, J., Fareh, R., and Rahman, M. H. (2024). Vision-
based object manipulation for activities of daily living assistance using assistive robot.
Automation 5 (2), 68-89. doi:10.3390/automation5020006

Shiraishi, K., Nishida, Y., Motomura, Y., Okawa, Y., and Mizoguchi, H. (2010).
Modeling and understanding structure of everyday life behavior by normalizing life
protocol data using ICF code. Tech. Rep. Inst. Electron. Inf. Commun. Eng. 109 (461),
431-436.

Skold, A., Josephsson, S., and Eliasson, A. C. (2004). Performing bimanual activities:
the experiences of young persons with hemiplegic cerebral palsy. Am. J. Occup. Ther. 58
(4), 416-425. doi:10.5014/ajot.58.4.416

Sunny, M. S. H., Zarif, M. I. L, Rulik, I, Sanjuan, J., Rahman, M. H., Ahamed, S.
I, et al. (2021). Eye-gaze control of a wheelchair mounted 6DOF assistive robot for
activities of daily living. J. NeuroEngineering Rehabilitation 18,173. d0i:10.1186/s12984-
021-00969-2

Toyama, H., Kawamoto, H., and Sankai, Y. (2017). Basic research of upper limb
work support system “My cybernic robot arm” for hemiplegic persons. IEEE Int. Conf.
Robotics Biomimetics (ROBIO) 109, 865-871. doi:10.1109/ROBIO.2017.8324526

Toyama, H., Kawamoto, H., and Sankai, Y. (2019). “Development of cybernic
robot arm to realize support action cooperated with hemiplegic person’s
arm,” in 2019 4Ist annual international conference of the IEEE engineering in
medicine and biology society (EMBC), 1645-1650. doi:10.1109/EMBC.2019.
8857106

Toyama, H., Kawamoto, H., and Sankai, Y. (2020). Development of tactile force
sensor for robot finger that can measure force and its center position unaffected by the
contact area with the object and pressure distribution. Trans. JSME 86 (889), 19-00272.
doi:10.1299/transjsme.19-00272

Wade, D. T., Langton-Hewer, R., Wood, V. A,, Skilbeck, C. E., and Ismail, H. M.
(1983). The hemiplegic arm after stroke: measurement and recovery. J. Neurology,
Neurosurg. Psychiatry 46 (6), 521-524. doi:10.1136/jnnp.46.6.521

Wakita, Y., Yoon, W. K., and Yamanobe, N. (2012). User evaluation to apply the
robotic arm RAPUDA for an upper-limb disabilities Patient’s Daily Life. IEEE Int. Conf.
Robotics Biomimetics (ROBIO) 37, 1482-1487. doi:10.1109/ROBIO.2012.6491178

Wohlgemuth, F, Mizutani, I, Eichelberger, L., and Mayer, S. (2024).
“Electromyography-based kinesthetic teaching of industrial collaborative robots,” in
Companion of the 2024 ACM/IEEE international conference on human-robot interaction,
1124-1128. doi:10.1145/3610978.3640615

frontiersin.org


https://doi.org/10.3389/frobt.2024.1455582
https://doi.org/10.48550/arXiv.2204.01691
https://doi.org/10.1109/ICORR.2007.4428429
https://doi.org/10.1371/journal.pone.0226052
https://doi.org/10.1080/00016340802415648
https://www.etac.com/en-us/us/products/small-aids-for-daily-living/kitchen-aids/etac-fix/
https://www.etac.com/en-us/us/products/small-aids-for-daily-living/kitchen-aids/etac-fix/
https://doi.org/10.1109/EMBC.2015.7319370
https://doi.org/10.1017/S0263574701003897
https://doi.org/10.1109/SAS51076.2021.9530189
https://doi.org/10.1186/s12938-015-0075-8
https://doi.org/10.1109/ICORR.2011.5975397
https://doi.org/10.1007/s11552-015-9761-z
https://doi.org/10.1109/ROBIO.2009.5420698
https://doi.org/10.3389/fnbot.2022.855825
https://www.performancehealth.co.uk/homecraft-belliclamp-jar-and-bottle-holder
https://doi.org/10.1109/ICORR.2019.8779524
https://doi.org/10.1016/j.pmr.2015.06.008
https://doi.org/10.1109/ICORR.2005.1501084
https://doi.org/10.1016/0266-7681(87)90187-2
https://doi.org/10.3389/frobt.2022.885610
https://doi.org/10.3389/frobt.2022.885610
https://doi.org/10.1371/journal.pone.0191361
https://doi.org/10.1007/978-3-642-14743-2_3
https://doi.org/10.3390/automation5020006
https://doi.org/10.5014/ajot.58.4.416
https://doi.org/10.1186/s12984-021-00969-2
https://doi.org/10.1186/s12984-021-00969-2
https://doi.org/10.1109/ROBIO.2017.8324526
https://doi.org/10.1109/EMBC.2019.8857106
https://doi.org/10.1109/EMBC.2019.8857106
https://doi.org/10.1299/transjsme.19-00272
https://doi.org/10.1136/jnnp.46.6.521
https://doi.org/10.1109/ROBIO.2012.6491178
https://doi.org/10.1145/3610978.3640615
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

	1 Introduction
	2 Cybernic robot hand-arm
	2.1 Overview of the proposed method
	2.2 Robot hand-arm system
	2.2.1 Robot hand-arm
	2.2.2 Sensor system for capturing intentions and motion information

	2.3 Learning and control function for work support that reflects intention and cooperates with the unaffected arm
	2.3.1 Operating functions using information about intention
	2.3.2 Division of support actions into movement phases
	2.3.3 Phase-shift condition learning
	2.3.3.1 Default learning
	2.3.3.2 User-specific learning

	2.3.4 Other function details
	2.3.4.1 Detection of intention to move from the paralyzed arm’s BES
	2.3.4.2 Grip force learning and control function



	3 Experiments and results
	3.1 Experiment on learning and implementation of work support in cooperation with the unaffected arm
	3.1.1 Design of the experiment
	3.1.2 Participants
	3.1.3 Results
	3.1.3.1 Learning of work support
	3.1.3.2 Work support based on the learned data
	3.1.3.3 Subjective evaluation by questionnaire


	3.2 Experiment using a voluntary control system in which the phase-shift function using BES is added to the control system after learning
	3.3 Effort to support daily tasks

	4 Discussion
	4.1 Experiment on learning and implementation of work support in cooperation with the unaffected arm
	4.2 Experiment using a voluntary control system in which the phase-shift function using BES is added to the control system after learning
	4.3 Effort to support daily tasks

	5 Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note
	Supplementary material
	References

