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Intelligent exoskeleton
provides lower-limb lift

Artificial intelligence allows a robotic exoskeleton
to surmise when its wearer is trying to stand up

heavy, and, if not properly
controlled, they can hinder
rather than assist users. Itis thus.
critical to ight weight
exoskeletons that do not hindes
users efforts.

The team

used artificial
intelligence to
predict how the
user wanted

to move.

Now, a team led by Jun
Morimoto of the RIKEN
Guardian Robot Project has
developed an exoskeleton that
goes a long way to meeting these
requirements.

‘The team developed a
lightweight, carbon-fiber
exoskeleton for the lower body
that attaches to the thighs

~ ROBO-BOOST SLEEP ONIT COSMIC MUsIC lomet legmofomem. The
 exoskeleton helps How snoozing Merging black holes
users stand up benefits learning ring like bells e / - ®

n exoskeletonrobot exoskeleton was equipped
incorporating artificial with highly back-drivable
intelligence technology that actuators, which ensured that the
allows it to guess the user’s exoskeleton did not impede the
intentions has been developed by  user’s movements even when the

RIKEN engineers'. In the future,  actuators were not activated.

the robot could help people with  The team used artificial

impaired mobility. intelligence to predict how
Robotic exoskeletons promise  the user wanted to move.

to play a key role in supporting  Specifically, they used a

an aging population. They method known as positive and.

are suits that give wearers the unlabeled learning to enable the

strength to perform tasks when exoskeleton to learn to correctly

their bodi weak to do it s i

them unaided. based on readings of the user’s
H uscle activities. Since it

developed to date tend to be combines positively labeled

data that the machine knows is
correct with unlabeled data that
might be positive or negative,
this learning method can draw
from ambiguous data that
includes unlabeled data.

In an experiment,
participants performed
various movements that can
begin in the same way: standing
up, crossing their legs, leaning
forward, and repasitioning
themselves in a chair. The
exoskeleton used machine
learning to guess when they
‘were trying to stand up and
then provided assistance for
the movement.

‘The experiment was
successful. “The results were

An sxoskalston robat davelopad by RIKEN enginesrs uses artifcial imaligance
o
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other movements as well.”

better th: y our
systems that ly research is that wh i

data for situations when other

arobot to assist human

Reference
1. Furukawa, J. Oksjima.

S. An, Q. Nakamura. Y.
&Morimoto, J. Selective
assist by us

user the target
sit-to-stand motion can occur,”
says Jun-ichiro Furukawa, also
of the RIKEN Guardian Robot
Project. “This indicates that the
‘method could be expanded to

‘movement,
todevelop it based on the
assumption that humans will
behave in ways that are not in
the learning data,” explains
Morimoto. ®

9
lightweeight carbon frame
e bot.

Robotcs and Automation :
Letiers7,3890-3807 3
2022,
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Ch1: Flexor carpi ulnaris

Ch2: Flexor carpi radialis

Ch3: Brachioradialis

Ch4: Extensor carpi radialis longus
Ch5: Biceps brachii short head
Ch6: Biceps brachii long head
Ch7: Triceps brachii |ateral head
Ch8: Triceps brachii long head
Ch9: Upper pectoralis major
Ch10: Lower pectoralis major
Ch11: Deltoid front part

Ch12: Deltoid middle part

Ch13: Deltoid back part

Ch14: Latissmus dorsi

Ch15: Teres major

Ch16: Trapezius

J. Furukawa, et al., IEEE TRO,
2017
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Natural mutation protects Converting heat
against Alzheimer's into electricity
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Decoding the
vertebral formula
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EXOSKELETONS

Combining Al and

exoske[etons reduces
the strain on users

Al-informed exoskeletons operate more efficiently,
requiring less effort from wearers

‘wo RIKEN researchers

have developed an
exoskeleton that incorporates
Al making it easier to use in
real-life environments'. The
exoskeleton operates based on
the user’s status and view of the
environment.

An exoskeleton is a wearable
robot that assists wearers to
perform actions that would be
difficult or impossible for them
to do unaided. Exoskeletons are
attracting special attention in
aging societies such as Japan, as
they could assist the elderly and
those who look after them.

Exoskeletons typically work by
implementing preprogrammed
motions that the wearer has to
select. This makes it difficult
for them to perform a wide
range of motions in real-life
environments.

motions in real-life scenarios.

Attempts to include the wearer
in the loop usually involve
placing sensors on muscles and
using them to detect when the
wearer is attempting to make a
movement. But installing and
calibrating sensors requires time
and effort, making this approach
difficult to apply in the field.

“To address these limitations,
Jun-ichiro Furukawa and Jun
Morimoto, both of the RIKEN
Guardian Robot Project,
investigated whether combining
Al with a visual sensor could
enhance an exoskeleton’s
efficiency.

‘The pair developed a system
where an Al in this case a
transformer model, receives
inputs from a camera placed near
the user’s eyes and kinematic
sensors around the knees and
torso, and then uses this rich set
of inputs to provide assistance

researchers have shown.

exoskeletons that can support a
wide range of human activities

the assistive

strategy developed from one
user’s data could be generalized
to another user, suggesting

Al-powered for a series of tasks. In this
case, the tasks were pickingup ~ indit
exoskeletons an object and then climbing a comments Morimoto.
adapt to users and p ive of common
s e 2

for different types of physical

smarter support. support.
The results were compelling.

To realize more flexible
exoskeletons that move in
accordance with the wearer’s
intention, control approaches
that estimate the wearer’s
intended motion are being
studied. They are expected to
be applied to a wide range of

The Al-powered assistance
system led to a measurable
reduction in muscle activation
during these movements,
indicating that the k

that the model is capable of
cross-user adaptability without
retraining—a significant
challenge in current exoskeleton
technologies.

based

was effectively supporting the

“By using
AL our system not only adapts
to the current user’s physical
state and. lings but also

important step toward intelligent

shows potential for generalized

. RIKEN

assistance across different users,”
notes Morimoto.

“These findings open new
doors for future applications of
wearable robotsin areas such as
healthcare, rehabilitation and
elderly care,” says Furukawa. @

Reference

1. Furukawa, J. & Morimoto,
J. Transformer-based
multitask assist control
from first-person view
image and user's kinematic
information for exoskeleton
robots. npj Robotics 3, 13
(2025)
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Regression-based

{G}
feasible goal

Start‘r:'-r > Target
o Oy

N\

controller

w

Continuous
EMG observation

Intuitively control the robot

Human users must generate highly
tuned EMG signal patterns by
themselves

Motion precision depends on the
user’s ability

DL TT A

Classification-based
G
feasiijlg goal

o 0

categprized

Target + ",

| IJ‘:LI
Start o] |
M & __

- Pre-designed

EMG n:c:nt;::-ller ]

snapshot

Classifier

L ]

Users do not need to carefully control

« Can be used for a limited number of
discrete task goals since all the
controllers need to be pre-computed

 Difficult to cope with continuous user’s
motor goal
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User state

’ User
T

User’s motor goal estimation

Monitoring

Predicted user’s motor goal

v

Regression

/| Pre-calculated optimal
/| control law:

/| Desirability function:

/| Zp(X, k) = exp(—v, (X, k))

_____________________

| control law: m;

Pre-calculated optimal

| Desirability function: ;

\ 4

Linear Bellman Combination
[M. da Silva, 2009]
Blended control policy:
' (x, k) = a; (X, k)m (X, k) + -+ + a,(x, k) (%, k)
Blending coefficient:
a;(x, k) =

wizi(x,k)
Z}Ll w;zj(X,Kk)

Control output: u = [P

d
shoulder’

Pedlbow]T

Control policy deriving
based on Motion intention

J. Furukawa, et al., IEEE RA-L2021
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<Training data-set acquisition>

» Training-data were acquired when the exoskeleton robot assisted the throwing
motion at a distance of 1m and 3m

» The subjects threw the ball ten times at each distance

» Used pre-computed policies m1(1m distance) and m, (3m distance)

3m throwing
(10 times)

1m throwing
(10 times)

- EMGs, joint angles, angular velocities
Derive the projection matrix W by PLS
WT
-
1

 1+exp(—a;u—by)

Wi



= RIFREE: basketball-shot demo

2y b

Baseline method

Proposed method
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Cl)l'Zi(X, k)

@ (% k) = w121 (X, k) + w,7,(X, k)
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» J. Furukawa, J. Morimoto, “Transformer-based multitask assist control from first-person view image and user’s
kinematic information for exoskeleton robots”, npj robotics, 3, 13, 2025

« J. Furukawa, J. Morimoto, et al., “Selective Assist Strategy by Using Lightweight Carbon Frame Exoskeleton Robot”,
IEEE Robotics and Automation Letters, vol. 7, no. 2, pp. 3890-3897, 2022

« J. Furukawa, J. Morimoto, et al., “A Collaborative Filtering Approach Toward Plug-and-Play Myoelectric Robot
Control”, IEEE Transactions on Human-Machine Systems, vol. 51, no. 5, pp. 514-523, 2021

« J. Furukawa, J. Morimoto, et al., “Composing an Assistive Control Strategy Based on Linear Bellman Combination
from Estimated User’'s Motor Goal”, IEEE Robotics and Automation Letters, vol. 6, no. 2, pp. 1051-1058, 2021
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