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Abstract—Sitting, standing, and walking are fundamental
activities crucial for maintaining independence in daily life.
However, aging or lower limb injuries can impede these activities,
posing obstacles to individuals’ autonomy. In response to this
challenge, we developed the LM-Ease, a compact and soft
wearable robot designed to provide hip assistance. Its purpose
is to aid users in carrying out essential daily activities such
as sitting, standing, and walking. The LM-Ease features a
fully-actuated tendon-driven system that seamlessly transitions
between assistance actuation profiles tailored for sitting, standing,
and walking movements. This device provides the user with
gravity support during stand-to-sit, and offers hip extension
assistance pulling force during sit-to-stand and walking. Our
preliminary results show that with the LM-Ease, healthy young
adults (n = 8) had significantly lower muscle activation: average
reduction of 15.6% during stand-to-sit and 17.8% during sit-to-
stand. Furthermore, with LM-Ease, participants demonstrated a
12.7% reduction in metabolic cost during ground walking. These
evidences suggest that the LM-Ease holds potential in reducing
muscular activation and energy expenditure during these fun-
damental daily activities. It could serve as a valuable tool for
individuals seeking assistance in enhancing lower limb mobility,
thereby bolstering their independence and overall quality of life.

Index Terms—Wearable Robotics; Exosuits, Adaptive Lower
Limb Assistance Control, Machine Learning.

I. INTRODUCTION

N our daily lives, the sequential process of “sitting-

standing-walking” is a frequently repeated series of actions.
Statistics indicate that healthy free-living adults perform ap-
proximately 60 repetitions of these actions on average each day
[1]. The ability to independently execute these fundamental
activities of daily living (ADLs) significantly contributes to
personal autonomy and overall well-being. However, owing to
the natural aging, congenital conditions, or acquired injuries,
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certain individuals may encounter difficulties in transitioning
from stand-to-sit, sit-to-stand, or walking. These challenges
stem from alterations in muscle composition and a decline in
motor control [2], significantly curtailing their daily activities
and reducing their independence [3].

Given the latest developments in the robotic field, there is
a growing interest on technological products that can improve
or enhance the capacity to execute fundamental ADLs. For
instance, wearable lower limb assistive devices are gaining
great attention as a potential response to this need and chal-
lenge [4]-[6]. These devices are intentionally designed to offer
effective support to individuals with reduced muscle strength
or lower limb impairments [7]-[9], potentially enhancing their
muscle function and enabling them to perform ADLs tasks
with increased independence and ease [10], [11].

Commonly found on the market, devices such as sit-stand
lifts [12] and wearable powered exoskeletons [13], [14] are
widely employed to facilitate sitting and standing transitions
or walking assistance for frail users. These devices rely
on rigid structures for support and mobility assistance, yet
they are costly, power-intensive, and bulky, challenging their
integration into daily life. In contrast to conventional rigid
devices, wearable soft exosuits present customized lightweight
and flexible designs suited for users, exhibiting reduced power
consumption and lower costs [15]. Their working principles
rely on human lower limb natural movements, acting in par-
allel to the user’s muscles to provide the necessary assistance
for accomplishing ADLs tasks [3].

Currently, research on soft wearable lower limb devices
mainly focuses on assisting users in walking or running [10],
[16]-[18], while research exploring the use of soft exosuits to
assist with sitting and standing is notably lacking. Lee et al.
[19] assessed a passive wearable soft exosuit utilizing elastic
bands, demonstrating its potential to diminish the energy
expenditure during users’ sit-to-stand movements. Kulasekera
et al. [20] proposed a low-profile vacuum actuator that utilizes
a low-profile spring encased within a low-density polyethylene
film to provide users with sit-to-stand assistance in a soft
exosuit through vacuum actuation and passive recovery. Its
effectiveness in reducing the user’s muscle activation was
verified. Schmidt et al. [21] demonstrated that the Myosuit,
a commercially available wearable device utilizing a tendon-
driven mechanism guided by a rigid knee joint and elastic
bands at the hip, can also reduce the user’s muscular activity
when performing sitting and standing transitions.

In this study, we present the design and evaluation of
a novel powered lower limb wearable hip exosuit, namely



LM-Ease (Lower-limb Movement Ease), designed to assist
individuals in transitioning between sitting and standing, as
well as facilitating walking. The hip joint, serving as a critical
connection point between the trunk and lower limbs during
movement, is a major player in generating and transmitting
force [22], [23]. Given the pivotal role of the hip joint, the
main goal of the LM-Ease exosuit is to provide effective hip
assistance, empowering users to perform daily activities with
enhanced ease and autonomy. The control system of the LM-
Ease employs locomotion mode recognition and gait phase
estimation algorithms to enhance synchronization between the
user and the device. It is a tendon-driven system able to
provide the users with stable anti-gravity support during tran-
sition from stand-to-sit, and hip extension assistance during
transition from sit-to-stand and walking.

We hypothesize that wearing the LM-Ease exosuit would
reduce users’ muscle activity during the stand-to-sit and sit-to-
stand transitions, as well as reduce metabolic cost of transport
during walking. We also hypothesized that wearing the LM-
Ease exosuit does not restrict users’ natural movements. We
have tested these hypotheses through experiments based on a
comparison between performing sitting, standing, and walking
actions with and without assistance from the LM-Ease device,
monitoring and further comparatively analyzing the muscle
activation, metabolic cost, and kinematics of eight participants.

The contributions of this study are primarily demonstrated
in two aspects. Firstly, the newly designed soft lower limb
assistive device, LM-Ease, has realized and verified for the
first time that the soft-powered hip tendon-driven exosuit can
provide gravitational support for users during the stand-to-
sit transition, while also offering extension-assistive tension
during sit-to-stand transition and walking. Secondly, this work
includes a preliminary test on the feasibility of the LM-Ease
in assisting users with sitting and walking, along with an
analysis and evaluation of muscle activation, metabolic costs,
and kinematics in participants. The practical implementation
of this study is expected to advance the extensive application
of textile-based soft assistive devices in the realm of wearable
assistive technology. This, in effect, will encourage the seam-
less integration of assistive devices into everyday life, thereby
improving autonomy in the performance of daily activities.

II. EXOSUIT DESIGN

The fully-actuated LM-Ease exosuit (depicted in Fig. 1) has
a weight of 3 kg and is specifically designed to provide hip
support and extension assistance for the user.

The primary textile components of the LM-Ease exosuit
comprise a waist belt and two thigh bandages. They are
connected to each other by two artificial tendons (Anyasen
Braided Waxed String, 2 mm diameter, Black, China), which
are responsible for transmitting the assistive forces to the user
by connecting the proximal (on the waist belt) and distal
(on the bandages) anchor points (3D-printed) after passing
through their respective head-end Bowden sheaths (Shimano
SLR Mantel, 5 mm diameter, Japan).

The LM-Ease’s control unit, actuators, and power supply
are mounted on the back of the belt and represent most of

the device’s weight. The control unit primarily comprises a
Nvidia Jetson (Nvidia Jetson Nano, USA) responsible for ex-
ecuting machine learning algorithm and an Arduino (Arduino
MKR 1010 WiFi, Italy) that reads kinematic signals from the
IMUs and manages the control of actuators. Additionally, the
control unit includes a Feather (BLE, Feather nRF52 Blue-
fruit, Adafruit, USA) for receiving IMU signals transmitted
via Bluetooth Low Energy (BLE) and a Can-bus extension
board (Can-bus Shield V2.0, Seeed Studio, China) to facilitate
communication between the controller and the motors.

The actuation system, situated at the base of the control unit,
features two brushless motors (T-Motor, AK60-6, 24 V, 6:1
planetary gear-head reduction, CubeMars actuator, China) and
a 3D-printed pulley with a diameter of 35mm was mounted
on top of each motor.

On the lateral side of the thigh harnesses, two thigh IMU
modules communicate with the control unit via the BLE
protocol. Each IMU module is mainly comprised of a BNOO055
(Bosch, Bno055, Germany) for measuring thigh kinematic
signals and a Feather (BLE, Feather nRF52 Bluefruit, Adafruit,
USA) for generating BLE signals for transmission. Another
IMU is positioned atop the control unit at the back of the
waist belt, connecting to the control unit via wires.

All electronic components draw power either directly or
indirectly (via a 24V/12V to 5V 5A DC-DC buck power con-
verter board) from a 14.8V battery (Tattu, 14.8V, 3700mAh,
45C, USA).

The times and procedure of one participant donning (1
minute 08 seconds) and doffing (56 seconds) the exosuit are
demonstrated in the supplementary video material.

III. METHODS

The embedded controller within this wearable LM-Ease
exosuit is founded upon machine learning algorithms. It offers
supplementary assistance to users in their daily activities
(sitting, standing, and walking) by leveraging user’s kinematic
characteristics.

In recent years, methods of detecting motion patterns and
identifying gait phases have been widely used in lower limb
wearable devices to improve their assistive efficiency. For
instance, various sensors such as cameras, IMUs, and EMGs,
along with diverse machine learning algorithms [17], [24]-
[27], have been employed for locomotion mode detection.
Similarly, methods for gait phase estimation have been de-
veloped using adaptive oscillators [28], [29], phase portrait
[30], [31], or machine learning techniques [32]. However, it
remains a major challenge to design a control system that can
use simple and easy to process sensors to accurately identify
movement patterns while estimating gait phases in real-time.

Here, we focus on the real-time human-in-the-loop assis-
tance utilizing only IMU sensors, as well as the construction
of its internal locomotion pattern detection and gait phase
recognition assistive models in terms of two parts: Offline
modelling and Real-time assistive control Framework.

A. Offline Modelling

The locomotion mode detection and gait phase estimation
models embedded in the controller were obtained offline using
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Fig. 1. Design of the LM-Ease exosuit. (a) The hip exosuit is a textile exomuscle consisting mainly of a waist belt that anchors the controller unit, the actuator
unit, and the power supply, and a thigh bandage that anchors the sensor units. The assistive force is transmitted to the user by an artificial tendon connecting
the proximal anchor point on the waist and the distal anchor point on the thigh under the action of a motor. (b) Mechanical design of the actuator unit for
each leg. (c) The LM-Ease is designed to provide support for the user’s stand-to-sit activity and to provide extension assistance for the user’s sit-to-stand and
walking activities. (d) Hardware components of the exosuit and communication protocols between hardware modules.

a purposeful experimental dataset derived from eight healthy
participants.

The eight participants selected for the offline modelling
experiment were free of disability. Prior to the initiation of
the experiments, informed consent was obtained from each
participant. All procedures adhered to the principles outlined
in the Declaration of Helsinki, and this research received
approval from the Ethical Committee of Heidelberg University
under resolution S-313/2020.

1) Training dataset collection: Eight participants (six males
and two females, age: 25.91+1.8 years, height: 1.78+0.10 m,
weight: 72.4+12.8 kg, mean =+ std) were enlisted to carry
out the task of collecting the dataset used to train the LM-
Ease’s internal machine learning models. Each participant was
instructed to perform two separate experimental sessions on
these data collection-oriented lower-limb tasks:

a. Conducting ten rounds of transitions between sitting and
standing, synchronized with an 8 beats per minute (bpm)
metronome. In each round, participants were instructed to
perform a transition from standing to sitting (stand-to-sit)
upon hearing the metronome beat, followed by a transi-
tion from sitting to standing (sit-to-stand) upon hearing
the next beat. The cycle continued for the duration of each
round, with participants moving on to the next round at
the sound of the following beat.

b. Continuous walking on level ground at a self-selected
walking speed for 400 m, followed by standing still for
one minute.

The kinematic data, comprising angles and angular veloc-

ities from the left leg, right leg, and trunk, was collected by

three IMUs sampled at 100 Hz in the Matlab/Simulink R2021b
environment (Mathwork, Massachusetts, USA). In order to
correct for the angular drift of IMUs over prolonged usage
of the device during walking, we additionally captured the
real-time angle values for both the left and right legs after
the application of a notch-peak filter (centered at 0 Hz). This
strategy aims to eliminate hip angular drift measured by the
IMUs during walking, retaining solely the relative angular
change values centred on 0 degrees.

The collected data were used to train the locomotion mode
recognition model and the gait phase estimation model.

2) Locomotion mode recognition model: The locomotion
mode recognition model is used to differentiate and identify
the user’s sit-to-stand/stand-to-sit and walking patterns. The
following procedure was performed offline for model training.
Training data selection: For the purpose of improving the pre-
diction accuracy of the model, we selectively choose training
dataset based on the correlation and variability of kinematics
across different locomotion modes, as well as past empiri-
cal knowledge, aiming to maximize model performance and
generalization capability. The training dataset for locomotion
mode recognition module incorporates eight distinct vectors.
These vectors were derived from the participants’ kinematic
dataset (collected in Section III-A1) and encompassed the right
leg thigh angle 6,.; and angular velocity v,, the left leg angle
0;; and angular velocity vy, the trunk angle 6;,. and angular
velocity vy, the sum of the angles of the right and left legs,
computed by 6., = 0,++0;;: and the sum of angular velocity,
expressed as Vsym = VUrt + vy Additionally, it is worth noting
that our analysis of the kinematics from the IMUs revealed



an overlap in data features around the onset of the stand-to-sit
transition, the end of the sit-to-stand transition, and the stand
phase of walking gait. This overlap diminished the accuracy
of the locomotion mode classification model. To improve the
model’s detection accuracy and better capture the variability
of movement patterns, we included the sum of the angles 0,
and velocities v, as additional training data features and set
a threshold when labelling the sit-and-stand movement.
Training data labelling: The training dataset collected during
sitting and standing task (described in Section III-Al-a) for
locomotion mode recognition module, was divided into two
distinct categories: one was labelled as “stand-to-sit” (from
Point 1 to Point 2 in Fig. 2), representing the transition from
standing to sitting, and the other was labelled as “sit-to-stand”
(from Point 2 to Point 3 in Fig. 2), signifying the transition
from sitting to standing. The remaining data, that are, the data
between Point 3 and Point 1, were treated as a quiet standing
state and were ignored and discarded. In each cycle of sitting
and standing:

« point where 0g,, > 15° was regarded as the starting
point (Point 1) for the stand-to-sit transition;

« positive peak point of the trunk angular velocity vy,
(Point 2) was marked as the endpoint for the stand-to-
sit transition, and it also served as the starting point for
sit-to-stand transition;

« point where 60,,,, < 15° was considered as the endpoint
(Point 3) for the sit-to-stand transition.

As for the walking and standing still task (described in Sec-
tion I1I-A1-b), the dataset was manually labelled as “walking”.
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Fig. 2. Sitting and standing labelling. The colored lines record the kinematic
signals of a typical participant during 3 rounds of “stand-to-sit-to-stand”.
Point 1 to Point 2 portion was labelled as “stand-to-sit” and

Point 2 to Point 3 portion was labelled as “sit-to-stand”.

Feature extraction: we implemented a sliding window tech-
nique to extract features and corresponding labels of the
dataset that is ultimately used to train the model. As shown
in Fig. 3, taking the current position of the sliding window
for feature extraction of sitting and standing as an example,
the current sliding window spans a total of eight selected
vectors, and each vector comprises 30 sampled data points (i.e.
300 ms sampled at 100 Hz). For each vector, we derive six
values from these 30 sampled data points: first, last, maximum,
minimum, mean, and standard deviation (std) values. At the
end, by combining the six extracted features from each of the
eight vectors, a total of 48 features are formed to represent the
sample data at the current window position. The last value of
the label channel corresponding to the current window position
is regarded as the label of this sample data.
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Fig. 3. Feature extraction technique. Six features (orange balls) for each
vector (blue balls) in the current window (solid orange box) are extracted.

Modelling: Locomotion mode recognition was achieved
through a random forest classification algorithm [33], [34].
We developed this algorithm in a MATLAB/Simulink 2021b
environment (MathWorks, Massachusetts, USA), utilizing the
fitcensemble function from the Statistics and Machine Learn-
ing Toolbox. The model employs decision trees as its base
learner with the number of maximum splits set to 128 and
the number of decision trees set to 10 and the final prediction
of the model is determined by the majority vote of the base
decision trees. Upon completing the training process, the
model exhibits an approximate misclassification rate (MCR)
of 0.15% during 10-fold cross-validation.

3) Gait phase estimation model: The function of the gait
phase estimation model is to estimate the user’s gait phase
based on the user’s leg state. The following steps were
performed to train the model.

Training data selection: The training dataset collected during
400 m walking task (described in Section III-A1-b) for the
gait phase estimation module, consists of two distinct vectors
within the participants dataset: the notch-peak filtered right
leg angle 6,4, . and the angular velocity of the right leg v;,
respectively.

Training data labelling: In Fig. 4, an example of five gait
cycles is used to elucidate the process of generating the target
output signal for the gait phase estimation model. To begin,
the maximum (blue dots) and minimum (black dots) points
of 0,4,,, (blue line) were detected, signifying the maximum
flexion point (MFP) and maximum extension point (MEP)
during walking, respectively. Subsequently, the gait phase
vector T' (i.e., the generated gait phase, black dotted line)
was created by creating linearly spaced values in the range
[—7 0] between MFP and MEP, and values in the range [0 7]
between MEP and MFP. Ultimately, the model computes its
target output in the form of Y = sin(T+7) (red line) to avoid
the discontinuity of 7" in between gait cycles (i.e., from 7 of
the last stride to —7 of new stride). Here, 7 € [0, 7] represents
the time-delay compensation parameter, which can be adjusted
to suit different device gait configurations or delays according
to the designer’s requirements [17]. In our study, we set 7 = 0.

Feature extraction: Using the same technique as the sliding
window based feature extraction described in Locomotion
mode recognition model (Section III-A2), we constructed 12
features for the gait phase estimation model. These 12 features
consist of six metrics (first, last, maximum, minimum, mean,
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and std) extracted from each of the two vectors (6, ., and
Urt)-

Modelling: The gait phase estimation model employs the
random forest regression algorithm [33], [34], which was de-
veloped using the fitrensemble function from the Statistics and
Machine Learning Toolbox in a MATLAB/Simulink 2021b
environment. The model consists of 30 decision trees, each
allowing up to 1024 splits, with the final prediction determined
as the average of the base decision trees’ predictions. In 10-
fold cross-validation, the final model attained a mean square
error (MSE) of 0.81%.

vpf

B. Real-time Assistive Control Framework

Once the offline modelling is in place, the user can benefit
from assistance in real-time provided by the Real-time Assis-
tive Controller.

The operational mechanism of the LM-Ease exosuit for
delivering real-time assistance to users is shown in Fig. 5.

When the user wears the LM-Ease exosuit, IMU sensors
located on the left and right thighs as well as the trunk capture
the user’s kinematic signals. Subsequently, the machine learn-
ing models extract the kinematic features in real-time from the
acquired kinematic signals, generating a prediction every 10
ms (We utilized the same online approach for feature extrac-
tion as we did offline, where each sliding window consisted
of 30 real-time samples of data running at a frequency of 100
Hz. The sliding window moves forward by one sample with
each new sampling, overlapping with the previous window
by 29 samples.). These features are input to the locomotion
mode recognition model (detailed in Section I1I-A2) within the
controller to detect the user’s motion state, such as detecting
whether the user is in sit-and-stand transitions or engaged in
ambulation. Simultaneously, the gait phase model (detailed in
Section III-A3) predicts the user’s current gait phase based on
the extracted kinematic features.

Based on the prediction results of the models, a motor
trajectory generator produces a customized reference profile
suitable for the actuator’s motion. Finally, an LP-filtered
proportional controller directs the motor rotation to supply
assistive force to the user by converting the error between the
actual motor position and the reference motor position into
motor angular velocity, with the following transfer function:

Ky

Hp(S)Zl—i—Kd-s

(D

where the coefficients K, = 8 and Ky = 0.06 were fixed
throughout the study, having been experimentally determined
to optimize the tracking performance.

The alignment between the motor reference motion profile
and the user’s leg position during the gait phase was estab-
lished and evaluated through iterative testing by a represen-
tative wearer. The trajectory generator R;.,; under different
locomotion modes (taking the right leg as an example) was
customized as follows based on the motor configuration and
pulley diameter in this study. However, it is worth to note that
for different hardware configurations, the correlation coeffi-
cients in Ry,,; for each mode need to be adjusted to match
the specific hardware.

a. Stand-to-Sit: When the controller detects that the user is
in stand-to-sit transition mode, the right leg motor (as
shown in Fig. 5(a)) rotates clockwise in proportion to the
increasing hip flexion angle of the right leg (R¢rq; = 1.5%
6,-+). This rotation loosens the artificial tendon, providing
continuous supportive force to the user during the stand-
to-sit transition.

b. Sitting: During the stand-to-sit mode, the trajectory gen-
erator Ry.,; will automatically switch to “sitting” mode
after three seconds until the controller detects sit-to-
stand mode. In sitting mode, the motor will quickly
relax the tendon based on the current right leg angle
(Rtraj = 5 * 0,4). This ensures that the exosuit is
transparent and does not restrict the user’s sitting position,
thus enhancing comfort.

c. Sit-to-Stand: When the controller detects that the user is
in sit-to-stand transition mode, the motor assisting the
right leg rotates counterclockwise to quickly tighten the
tendon, providing tension to assist the user in standing
up. Since the changes of the right leg hip angle was
insufficient to meet our required level of assistive force
during sit-to-stand transition, we decided to adjust the
motor reference profile in this mode based on the velocity
of the right leg angle (Rirq; = 2 * Upy).

d. Walking: The motor reference profile in walking mode
is set according to the predicted output of the gait phase
estimation model (Ry,,; = k+Y, where k € [1, 5] can be
adjusted appropriately according to the user’s assistance
requirements).

To ensure smooth transitions and prevent abrupt movements of
the motor when switching between different modes, a second-
order low-pass filter with a cutoff frequency of 4.8 Hz is
employed to smooth the final motor reference profile.

The orientation of the motors and IMUs for the LM-Ease
exosuit is defined as follows: as depicted in Fig. 5(a), the
motor assisting the left leg tightens (positive direction) with
clockwise rotation and releases (negative direction) with coun-
terclockwise rotation. Conversely, the motor assisting the right
leg tightens with counterclockwise rotation (+) and releases
with clockwise rotation (—); Regarding the trunk IMU, the
starting angle is 0° when the participants were standing still. A
forward tilt of the trunk is measured in the negative direction,
while a backward tilt is measured in the positive direction. For
the thigh IMUs, similarly, the initial angle is 0° when standing
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Fig. 5. Assistance controller framework and performance. (a) Controller framework and sketch of the orientation of the motors and IMUs. The real-time
operational framework of the controller operates as follows: Initially, the IMU sensors on the device capture the wearer’s kinematic data. Subsequently, through
online feature extraction, the machine learning algorithm performs pattern recognition and gait phase estimation, analyzing the user’s current motion state
to generate an assistive trajectory. Finally, the motors are driven to align with this trajectory, providing supportive force for human movement. (b) Actual
gait frequency (grey) recorded by IMU sensors and estimated gait frequency (blue) from the gait estimation model in the ExoOn condition throughout the
walking duration and its partial enlarged view across participants. (c) The performance of gait phase estimation is illustrated by the root mean square error
(RMSE) distribution histogram between actual and estimated gait frequencies and the average of RMSE across steps and participants during the entire walking

experiment.

still. Hip flexion is measured as a positive direction for angle
and angular velocity, whereas hip extension is measured as
a negative direction. For both the trunk and thigh IMUs, we
measure the euler angles and angular velocities along the y-
axis using the BNOOS55 IMU sensors, while the measurements
along the x-axis and z-axis are not utilized.

IV. EXPERIMENT
A. Participants

Eight participants (five males and three females, age: 27.5
4 2.5 years, height: 1.74 £ 0.11 m, and weight: 62.5 4+ 10.2
kg, mean =+ std) without impairments were recruited.

The eight participants involved in the LM-Ease effectiveness
validation experiment were in good physical health, and none
had a history of musculoskeletal or neurological disorders.
Informed consent was provided to participants before the start
of the experiment, and all procedures adhered to the ethical
standards outlined in the Declaration of Helsinki. Furthermore,
approval for this experiment was also granted by the Ethi-
cal Committee of Heidelberg University under resolution S-
313/2020.

B. Experiment Design and Protocol

The primary objective of this experiment was to assess the
efficacy of the proposed lower limb wearable assistive device

LM-Ease in facilitating daily activities of sitting, standing, and
walking. The study was structured as a controlled trial aimed
at investigating the impact of the device on users’ muscle
activity, energy consumption, and kinematic characteristics
during stand-to-sit/sit-to-stand transitions and walking.

The experiment involved two conditions: one in which the
participant did not receive any assistive force (ExoOff), and the
other in which the participant received assistive forces gener-
ated by the LM-Ease (ExoOn). The sequence of experimental
conditions was randomized for each participant, and between
each condition, participants were instructed to take a minimum
rest period of 20 minutes to minimize the impact of fatigue
on the study results.

A wireless surface electromyography (EMG) system from
Delsys (Trigno, Natick MA, USA) was utilized to assess
the impact of the device on muscular effort. A portable
gas analyzer (K5, COSMED, Rome, Italy) was employed to
evaluate the metabolic cost during the task.

1) Experimental Setup: Prior to the initiation of the experi-
mental task, the electrodes of the EMG system were positioned
on the participant’s body in accordance with SENIAM guide-
lines [35]. Muscle activity was recorded for three muscles
contributing to the sitting and standing movements: Vastus
Lateralis (VL), Rectus Femoris (RF), and Gluteus Maximus
(GM). However, Gluteus Maximus data were omitted from
subsequent offline analysis due to interference caused by the



device operation on the probe application point.

Afterwards, participants wore the respirometry equipment
and underwent a four minutes data collection phase while
maintaining a stationary standing position. The average
metabolic value derived from the final two minutes served
as the baseline Py, to be subtracted from the ensuing active
metabolic costs during data post-processing. This procedure
was implemented to isolate and identify potential errors as-
sociated with the calibration of the metabolic gas exchange
measurement device.

After completing the above operations and taking a short
break, the participant was instructed to maintain a stationary
standing position for 10 seconds after the device was powered
on. During this period, the controller resets the initial positions
of the IMUs and motors to zero, and the artificial tendon is
pre-tensioned until the motor torque reading reaches 0.2 Nm.
This procedure aims to minimize the influence of variations
in participants’ body sizes or initial postures on the device’s
initial positioning, thereby ensuring that the assistive torque is
accurately delivered.

2) Experimental Protocol: Participants were instructed to
execute an identical validation experimental task in both the
ExoOff and ExoOn conditions. Each experimental task was
subdivided into the following three distinct parts.

In the first part of the experiment (Exp: Part 1), participants
were tasked with completing 20 rounds of transitioning be-
tween sit-to-stand and stand-to-sit, aligning their actions with
an 8 bpm rhythm set by a sound metronome.

The second part of the experiment (Exp: Part 2) focused
on assessing the efficacy of assistive forces from the exosuit
during the user’s walking activity. Participants were requested
to engage in continuous walking with a self-selected walking
speed over a distance of 680 m on a level surface (10 loops,
each 68 m in circumference).

The third part of the experiment (Exp: Part 3) aimed to
assess the reliability of the locomotion mode recognition
algorithm integrated into the controller during continuous
transitions between walking, sitting, and standing modes.
Participants were instructed to perform one sit-to-stand and
stand-to-sit transitions every 5 m of walking, repeated ten
times in succession.

3) Data Acquisition: The EMG data were collected using a
DAQ board (Quanser QPIDe, Ontario, Canada) at a sampling
rate of 1 kHz. Metabolic data were recorded using COSMED
OMNIA v1.6 in a Breath-by-Breath mode. The absence of
a portable station for muscle activity collection hindered
our ability to assess muscle activation during the walking
experiment (Exp: Part 2). Consequently, the results from the
first part of the experiments encompassed both EMG and
metabolic measurements, while the analysis of the walking
experiment predominantly concentrated on the metabolic cost
of walking. Kinematic data, in conjunction with real-time
controller data, were captured at a frequency of 100 Hz
within the Matlab/Simulink R2021b environment running in
the Nvidia Jetson installed on the exosuit.

C. Data Analysis and Statistics

Data post-processing was implemented in MATLAB
R2021b. We analysed the assistive efficacy of the LM-Ease
for the user in terms of muscle activation, metabolic saving,
and user kinematics.

1) Controller Performance: The performance assessment of
the designed locomotion mode recognition algorithm encom-
passed examining the algorithm’s detection accuracy of partici-
pants’ sitting, standing, and walking movements. Specifically,
the evaluation comprised the sitting and standing detection
accuracy for the 20 consecutive stand-to-sit-to-stand (sit-and-
stand) cycles in the first part of the experiment (Exp: Part 1),
the walking mode detection rate for consecutive walking in
Exp: Part 2, and the sitting, standing, and walking continuous
transitions in Exp: Part 3. The real-time predicted locomotion
mode throughout the experiment for a representative partici-
pant are also shown in the results section.

Furthermore, an evaluation was conducted to verify the
accuracy of gait phase estimation model. This entailed an
analysis and comparison between the model’s estimated gait
frequency and the actual gait frequency as recorded by the
IMUs during the participants’ walking experiment portion.
Subsequent to this, we computed the root mean square error
(RMSE) between the actual and estimated gait frequencies to
examine the estimation performance.

2) Muscular Activity: To assess the impact of LM-Ease
exosuit on users’ muscle activity during sitting and stand-
ing, the raw EMG signals were first band-pass filtered (20-
400 Hz, 4" order Butterworth), then sequentially full-wave
rectified and low-pass filtered (6 Hz, 4" order Butterworth)
to derive the EMG envelope. Normalization of the signals
was performed based on each subject’s maximum voluntary
contraction (MVC) during the experiment. The root mean
square (RMS) value of the EMG envelope of stand-to-sit
and sit-to-stand procedures across participants was used as an
indicator of muscle activity assessment.

3) Cost of Transport: The metabolic power of participants
in ExoOff and ExoOn conditions were calculated using the
Péronnet and Massicotte equation [36]:

P =16.89Vp, + 4.84V0, )

which is based on the volume of oxygen V, and carbon
dioxide Vo, exchanged per breath during movements. The
derived metabolic power P, adjusted by subtracting the aver-
age metabolic cost of quiet standing Py, were then standard-
ized based on the participant’s body weight w and average
movement speed v to obtain results in terms of cost of
transport C'.

C = ﬂ (3)

w *x v

The v for walking was calculated by dividing the total distance
(680 m) walked by the total walking time. For sit-and-
stand cycles, v represents the participant’s average angular
velocity over 20 sitting and standing cycles. This normalization
facilitated comparison across participants and experimental
conditions.



4) Kinematic Assessment: In order to evaluate the physio-
logical impact of LM-Ease exosuit assistance on participants’
natural sitting, standing, and walking movements, we analyzed
changes in participants’ range of motion (ROM) and move-
ment velocity in ExoOff and ExoOn conditions. Quantitative
kinematic results were presented by comparing the positive
and negative peak values of ROM and movement velocity.
This analysis was conducted after low-pass filtering (10 Hz,
4t" order Butterworth) the raw kinematic signal and then
segmenting into sit-and-stand rounds and walking gait cycles.

The corresponding motor torque during each sit-and-stand
movement and each gait cycle during walking, normalized by
individuals® body weight, is also provided as an indication of
the provided assistance by the device.

5) Statistical Analysis: The normality of the data distri-
bution was assessed using the Shapiro-Wilk test at a signifi-
cance level of a = 0.05. Subsequently, a linear mixed-effects
model employing the least squares regression method was
utilized for the statistical analysis. The model encompassed
the “condition” (ExoOff, ExoOn), represented as dummy-
encoded categorical fixed-effect explanatory variables. The
term “participant” (n = 8) was incorporated into the model
as a random-effect variable.

V. RESULTS

All participants (n = 8) completed the experimental trial
successfully without experiencing any injuries or falls.

Results are expressed as mean 4 sem (standard error of the
mean), unless specified otherwise.

A. Accurate locomotion mode recognition and gait detection.

The locomotion mode recognition model was able to ac-
curately and reliably detect the sitting, standing, and walking
states of the different participants with a 100% detection rate,
both in the 20-rounds sit-and-stand portion (Exp: Part 1),
walking portion (Exp: Part 2), and the dynamic stand-sit-stand-
walking switching portion (Exp: Part 3) of the experiment.
Figure 6 shows the real-time predicted locomotion mode
throughout the experiment for a representative participant.

Figure 5(b) and (c) present the evaluation results of the
gait detection model. As shown in the curves of the actual
gait frequency recorded by the IMUs and the gait frequency
estimated by the model in Fig. 5(b), the gait estimation model
demonstrates high accuracy in estimating gait frequency (refer-
ring to stride frequency across right and left legs). The average
actual gait frequency across participants recorded by IMUs in
the ExoOn condition throughout the walking duration was 0.86
4 0.21 Hz, while the RMSE (shown in Fig. 5(c)) between the
actual and estimated gait frequencies is (7.3 & 0.86) x 1073
Hz (= 0.86% of the average actual gait frequency) on average
across steps and participants. The RMSE distribution is also
displayed in Fig. 5(c).

B. Muscle activity decreased when using LM-Ease.

Figure 7 depicts the effect of our lower limb assistive device
on participants’ muscular activity during sitting and standing
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Fig. 6. Real-time predicted locomotion mode throughout the experiment
for a representative participant. The grey line represents the right leg hip
angle, the blue line represents the left leg hip angle, and the black line indicates
the predicted locomotion mode.

movements, specifically targeting the muscles engaged in
the stand-to-sit and sit-to-stand processes, Vastus Lateralis
(VL) and Rectus Femoris (RF), respectively. Figure 7(a) and
(b) present the average EMG envelope of muscle activation
and the corresponding average normalized root mean square
(RMS) values across 20 repetitions of the stand-to-sit and sit-
to-stand for eight participants.

The findings revealed a significant decrease of 15.6%MVC
(p=0.02) of the average RMS value of the VL muscle activa-
tion among participants during the stand-to-sit transition when
the LM-Ease provided supportive force. Specifically, the mean
values recorded were 28.3 + 1.6%MVC for ExoOff and 23.9
+ 2.3%MVC for ExoOn. Similarly, during the sit-to-stand
transition, when the device supplied assistive pulling force,
the participants’ VL muscle activation average RMS value
significantly decreased by 17.8%MVC (p=0.002), reaching
38.6 £ 2.0%MVC with ExoOff and 31.7 £ 1.6%MVC with
ExoOn, respectively.

Additionally, participants experienced a significant decrease
in RF muscle activation by 11.4%MVC (p=0.02) during
the sit-to-stand under the ExoOn condition, with values of
26.6 + 4.0%MVC for ExoOff and 23.6 £ 2.7%MVC for
ExoOn. However, the impact of exosuit assistance on lowering
RF activity during the stand-to-sit transition has not been
significantly shown.

C. Metabolic cost of transport was reduced with the LM-Ease.

The metabolic cost of transport, displayed in Fig. 8, details
the participants’ energy expenditure from 3 minutes post-
initiation of the sit-and-stand and walking portion of the
experiment, respectively.

In comparison to the ExoOff condition, participants demon-
strated a significant 12.7% reduction in the average metabolic
cost of walking with the aid of the device-assisted force,
corresponding to 2.4 + 0.1 Jkg'm' for ExoOff and 2.1
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Fig. 7. Effects on muscular activity. EMG envelopes (curves) and RMS (bars) of Vastus Lateralis (VL) and Rectus Femoris (RF) during (a) stand-to-sit and
(b) sit-to-stand transitions averaged across participants in ExoOff (grey) and ExoOn (blue) conditions. Asterisks * indicate statistically significant differences.

+ 0.1 Jkg''m! for the ExoOn, respectively. As for sit-and-
stand movements, the energy loss results showed a slight but
insignificant downward trend of 1.7% when wearing the LM-
Ease.

Notably, the average walking speed used for normalizing
net metabolic power increased by 5.8% with the LM-Ease,
measuring 1.03 + 0.05 m/s for ExoOff and 1.08 £+ 0.03
m/s for ExoOn (depicted in Fig. 8(b)). The mean angular
velocity during sit-and-stand cycles (averaged between stand-
to-sit and sit-to-stand transitions) decreased by 2.7% (shown
in Fig. 8(d)). However, neither walking speed nor sit-and-stand
speed for energy normalization showed statistically significant
differences compared to the ExoOff condition.

D. Unrestricted natural kinematic for the User.

The support and assistance provided by the lower limb
LM-Ease device did not impose limitations on the range of
motion of the participants, as shown in Fig. 9(a) and (c). This
finding remains consistent for transitions from stand-to-sit, sit-
to-stand, as well as during walking.

Sit-and-Stand: Specifically, during the sitting and standing
experiment, as participants executed stand-to-sit transition, the
LM-Ease exosuit provided gravity support force to the users.
As a result, owing to the resistance provided by the exosuit, a
noticeable decrease (p<0.001) in the participant’s movements
velocity was evident during the stand-to-sit transition, bringing
to a 40.5% reduction of the positive peak velocity during
voluntary sitting (velocity peaks of 67.7 + 8.3°/s for ExoOff
and 40.2 & 4.2°/s for ExoOn). Consequently, the average total

time for stand-to-sit transition across participants significantly
(p<0.001) increased from 2.1 4+ 0.2s to 3.5 + 0.3s.

Moreover, as participants executed sit-to-stand transition,
the lower limb exosuit provides assistance pulling force to
the users. The participants’ negative peak velocity of standing
up significantly increased from —78.8 £ 7.4°/s in ExoOff to
—89.4 £+ 6.0°/s in ExoOn (p=0.04).

In the transition from stand-to-sit, the peak torque generated

by the exosuit motor was 0.044 + 0.008 Nm/kg across
participants (depicted in Fig. 9(b)), whereas for sit-to-stand
transition, the maximum motor torque was 0.055 + 0.008
Nm/kg.
Walking: In comparison to ExoOff, the LM-Ease resulted
in a notable 8.4% increase in the mean range of mo-
tion (p<0.001), with the mean maximum extension an-
gle showing a significant increase of 4.5° (p=0.003):
[-9.5£1.3° 29.24+1.1°] for ExoOff and [—14.010.9°,
27.941.3°] for ExoOn, respectively. Additionally, the average
velocity range exhibited a significant amplification of 12.3%
(p=0.001): [—86.9£5.5°/s, 158.2£10.3°/s] for ExoOff and
[—102.7£5.5°/s, 172.6+11.8°/s] for ExoOn.

The average peak motor torque generated by the LM-
Ease exosuit across participants during the walking experiment
(depicted in Fig. 9(d)) was 0.021 + 0.003 Nm/kg.

VI. DISCUSSION

Sitting, standing, and walking are the most common func-
tional activities we perform in our daily life. With the aging
process, being able to sit down smoothly and get up quickly
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Fig. 8. Effects on metabolic cost of transport. (a,c) The metabolic cost curves and mean values for steady-state walking transport and sit-and-stand activity
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indicate statistically significant differences.

from a chair, as well as to maintain an active lifestyle, become
more and more challenging. To keep performing these actions
in an efficient way, we have designed a wearable lower
limb exosuit—LM-Ease, aimed at assisting individuals in both
stand-to-sit/sit-to-stand transitions and walking. This exosuit
relies on a tendon-driven mechanism to alleviate muscular
effort during the transitions between sitting and standing, while
concurrently reducing energy expenditure during ambulation.

In contrast to our earlier efforts [17], [29], [37] aimed at as-
sisting hip flexion while walking, the newly designed LM-Ease
is intended to aid hip extension, which proves more mean-
ingful when performing sitting/standing task [22], [38]. Ad-
ditionally, we implemented an intuitive controller being able
to discriminate in real-time among sitting/standing/walking
actions and adapt the assistance profile accordingly. It is
important to note that the significant variations in machine
learning methods used for locomotion mode recognition and
gait phase estimation across previous studies, along with
different training data resources [32], [39], limit direct per-
formance comparisons with our approach. Major differences
stem from varying device types, sensor configurations, and
research objectives, resulting in diverse approaches to training
data selection, data labeling, and feature extraction. Despite
these differences, we believe that our control methodology,

based on a simple sensor configuration, can serve as a valuable
reference for various lower limb wearable assistive devices in
the context of the current literature.

As assessing the effectiveness of an assistive device com-
monly involves monitoring the user’s muscle activation [3],
[29], [40]. Here, we monitored the muscle activity of the
Vastus Lateralis (VL) and Rectus Femoris (RF) muscles
involved in both stand-to-sit and sit-to-stand transitions. As
shown in Fig. 7, participants showed a downward trend in
muscle activation during sitting and standing transition with
the assistance of the LM-Ease. Specifically, for the VL muscle,
compared to the unassisted condition, the muscle activation
significantly decreased by 15.6%MVC for the stand-to-sit
transition, and by 17.8%MVC for the sit-to-stand transition.
In the case of the RF muscle, muscle activation was notice-
ably reduced by 11.4%MVC during sit-to-stand, whereas no
alteration was observed during stand-to-sit. Our results are
comparable to studies in the current literature that investigated
the effectiveness of lower limb assistive devices (Myosuit
[21], JSI-KneExo [41], and E-ROWA [42]) in influencing
the activation of the Vastus Lateralis/Vastus Medialis muscles
among participants during the sitting and standing transitions.

As a whole, during sit-to-stand transition we were able to
achieve significant reductions of muscle activity both in the
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Fig. 9. Motor torque and the influence of exosuit on users movement angle and angular velocity. (a) Thigh angle and angular velocity profiles during
sit-and-stand movements in ExoOff (grey) and ExoOn (blue) conditions. The shaded areas respectively represent the sit-to-stand process (light grey) and the
stand-to-sit process (dark grey) during the sit-and-stand duration. (b) The motor torque variation during sit-and-stand transitions in ExoOn. (c) The thigh angle
and angular velocity profiles during walking movements and the corresponding (d) motor torque. The shaded areas (light grey) illustrate the hip extension
phase during walking and unshaded areas indicate the hip flexion phase during walking. The polar grids adjacent to the curves intuitively displays the range
of motion of the hip joint across steps and participants during sit-and-stand and walking movements. Below them, the bars represent the positive and negative
peak values for the corresponding angles and angular velocities. Asterisks * indicate statistically significant differences.

VL and RF, while during stand-to-sit, only the VL muscle
significantly reduced its activation. One plausible explanation
is that during the stand-to-sit transition, other lower limb
muscles are physiologically more involved in facilitating the
sit-down movement, rather than the RF [43]. Hence, a lack
of significant decrease in RF muscle activation levels aligns
with the task requirements and the absence of assistance to
this muscle.

Moreover, we conducted an assessment of participants’ sit-
ting and walking energy expenditure while using the assistive
system. Energy expenditure serves as a crucial indicator of
the cost of a physical activity and the ability to save energy
for a task correlates with increased movement efficiency [44].
Therefore, exploring methods and tools to decrease energy
consumption required for movement holds great significance.
The study’s results revealed significant benefits of the exosuit
in reducing energy consumption during continuous walking,
resulting in an average 12.7% decrease in metabolic cost
of transport. This suggests that using this device enables
individuals to walk more efficiently, underscoring the positive
impact of such assistive tools. In our study, we did not observe
significant advantages of the exosuit in reducing users’ energy
expenditure during sitting and standing activities. However, it

is important to note that the rapid nature of these movements
prevents metabolic measurements from reaching a steady
state, making it challenging to accurately estimate energy
consumption. Moreover, the coordinated assistive forces from
the exosuit during these actions: supporting while sitting and
assisting while standing, could have impacted the assessment.
It is possible that any potential energy savings during standing
might have been offset by the resistive action from the exosuit
during sitting. Yet, due to delays in the measurement of steady-
state metabolic data [45], precise segmentation of these action
is not feasible. For future investigations, a more comprehensive
series of tests involving an increased number of sit-and-stand
transitions is essential to better understand the impact of the
exosuit on users’ energy expenditure during such activities.

In addition to evaluating the effectiveness of the LM-Ease
on participants’ muscles during stand-to-sit and sit-to-stand
transitions and energy expenditure during ongoing walking, we
further demonstrate how the use of the device affects the user’s
natural movement patterns. This primarily involves whether
the exosuit facilitates or impedes the overall biomechanics
of users, potentially leading to the adoption of unnatural
or compensatory movements that increase the risk of injury
or decrease movement efficiency. In this regard, our results



suggest that the device did not induce restrictions in the
inherent range of motion for sitting and standing among par-
ticipants. This observation indicates that the device efficiently
diminished the user’s muscle activation without obstructing
their typical movements. Notably, as participants transitioned
from stand-to-sit, there was a conspicuous reduction in their
motion velocities owing to the applied supportive forces by
the exosuit, with a 40.5% reduction compared to the natu-
ral sitting velocity. This indicates that the supportive force,
while alleviating muscular load during the act of sitting, also
contribute to a deceleration effect, potentially enhancing the
steady and safety of the sitting transitions. Conversely, during
the sit-to-stand transition, the device’s pulling force aided users
in mitigating muscular load while increasing the movement
velocity.

Although the promising results demonstrate potential ad-
vantages of the LM-Ease in assisting fundamental activities of
daily living, such as sitting, standing, and walking, there exist
limitations within this study that necessitate consideration.
Firstly, the sample size of participants was small, encom-
passing only eight healthy participants. This limitation may
constrain a comprehensive evaluation of exosuit effects and
the generalizability of our findings. Future research should
include diverse participant groups and broaden the evaluation
to include frail individuals, thereby validating our research
findings among those who stand to gain the most from this
technology. Secondly, results presented here derived from
short-term experimental sessions. The effects and adaptabil-
ity of long-term exosuit usage remain unclear, necessitating
more extensive and prolonged investigations to assess the
efficacy and suitability of the exosuit in facilitating lower
limb mobility. Thirdly, in this study, we were not able to
analyze the muscle activity involving another major muscle
engaged in sit-and-stand transitions and directly assisted by
our exosuit, the Gluteus Maximus. Although we gathered
muscle activity data related to the Gluteus Maximus during the
experiment, the device’s force application points intersected
with the EMG probe location, causing significant interference
with the measurements. At last, in this study, we have only
performed metabolic evaluations under ExoOff and ExoOn
conditions. Future works should also include a more com-
prehensive assessment of the effects of the device’s weight on
the user, encompassing a third condition without wearing the
exosuit. However, from this point of view, due to the device’s
soft structure, light weight (2.8 kg), and its placement closer
to the user’s center of mass rather than the active limbs, we
do not expect any significant impact on the final results. This
expectation is based on a biomechanical study in the literature
examining the effect of added mass on body parts [46].

In daily life, frail individuals, particularly older adults,
frequently rely on aids such as canes to prevent sudden falls
while sitting or to aid in standing up. The LM-Ease exosuit, as
developed in this study, directly addresses these challenges by
providing supportive forces during the transition from standing
to sitting and counteracting the effects of gravity during the
transition from sitting to standing. The implementation of
this technology has the potential to significantly enhance the
quality of life for frail individuals and those with mobility im-

pairments. Real-world adoption of the LM-Ease holds promise
for delivering valuable mobility benefits in everyday activities.

VII. CONCLUSION

In this study, we introduced the design and assessment
of the LM-Ease, a textile-based lower limb assistive exosuit
designed to aid users in everyday activities such as sitting,
standing, and walking. Findings from experiments involving
young healthy participants demonstrated that the LM-Ease
effectively reduced muscle activity and decreased metabolic
demand during walking. Looking ahead, technologies like the
LM-Ease have the potential to be seamlessly integrated into
people’s lives, ultimately enhancing the overall quality of life
for users.
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