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A Cable-Driven Home-Based Upper-Limb
Rehabilitation Robot for ADL-Based Training in
Unstructured Daily Environments

Pengcheng Li', Shuxiang Guo'?*, Jun Leng', Zixu Wang'

Abstract—This paper presents a portable, cable-driven upper-
limb rehabilitation robot designed for home-based activities of
daily living (ADLs). The proposed robot is intended to assist
hemiplegia patients with ADL-based rehabilitation, such as
drinking water from a cup, in home settings. The robot features
a rehabilitation control framework based on dynamic movement
primitives (DMPs) that personalizes spatial profiles from healthy-
limb demonstrations. It modulates movement velocity and inter-
joint coordination online via human-robot interaction. The
system was evaluated in a drinking task with ten healthy partic-
ipants. Compared with a classic (non-adaptive) DMP controller,
the proposed robot increased voluntary participation (EMG
amplitude: +64.71%) and reduced robotic assistance (assistance
force: -56.10%), while also improving inter-joint coordination.
These results indicate that the proposed system supports person-
alized, task-specific assistance and holds promise for home-based
upper-limb rehabilitation.

Index Terms—Rehabilitation Robotics; Imitation Learning;
Intention Recognition; Human-Centered Robotics; Physical
Human-Robot Interaction

I. INTRODUCTION

TROKE is a leading cause of long-term disability world-

wide, with upper-limb motor impairment being highly
prevalent [1]. Among stroke survivors, hemiplegia is the
most prevalent and results in substantial motor deficits that
require extensive rehabilitation. Early intervention is critical to
promote neuroplastic remodeling and restore motor function.
However, recovery of upper-limb motor function typically
requires a longer rehabilitation period than that of the lower
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limbs, owing to the demands of fine, coordinated control [1],
[2]. Consequently, sustained home-based rehabilitation with
high-repetition practice is essential after discharge to facilitate
upper-limb functional recovery.

Various home-based rehabilitation robot systems have been
developed to alleviate the demand for intensive care from
occupational therapists [3], [4]. Due to constraints on size
and weight, most current home-based rehabilitation systems
primarily focus on single-joint training [5], [6]. While these
single-joint devices can help restore basic motor abilities,
they are insufficient for enabling patients to regain the task-
level functions required for activities of daily living (ADLs).
Task-oriented, ADL-based training has demonstrated strong
potential for functional recovery by engaging task-specific
motor pathways and promoting neuroplasticity [7], [8], [9].
This highlights the need for rehabilitation robots to assist
multi-joint, ADL-relevant movements in unstructured home
environments. A key challenge in developing such robots is
generating adaptive, user-specific trajectories for the affected
limb in unstructured environments. One intuitive approach
is to use the healthy limb’s motion as a reference to guide
the affected limb, a strategy known as bilateral training [5],
[6], [10]. In this method, patients perform simultaneous,
symmetrical movements with both limbs, using the healthy
limb’s motion as a reference for the affected limb [11], [12].
However, simply mirroring the movement of the healthy limb
cannot adapt to the impaired limb’s movement kinematics,
and in particular movement velocity to maximize the patient’s
voluntary engagement, and this approach lacks mechanisms
to adjust coordination among multiple Degrees of Freedom
(DoFs) of the entire upper limb. Alternatively, new trajec-
tories can be generated or predefined trajectories modulated
in real time based on human-robot interaction. Online tra-
jectory planning and modulation methods leveraging diverse
techniques—including Hidden Markov Models (HMMs) [13],
dynamic movement primitives (DMPs) [14], [15], and adaptive
frequency oscillators (AFOs) [16], [17]—have been proposed
to address these rehabilitation challenges. Lanotte et al. [18]
developed a framework for discrete movement assistance,
dynamically adapting a lift-assist robot’s trajectory based on
the user’s hip joint kinematics to synchronize human-robot
motion. Zhou et al. [15] combined DMPs with a trajectory
deformation algorithm to generate desired trajectories through
physical human-robot interaction.

Despite these advancements, existing methods still face
limitations in achieving user-independent, ADL-oriented dy-
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Fig. 1: (a) The overview of the rehabilitation system worn by a participant. (b-d) Mechanical design for elbow flexion/extension
(E F/E), wrist flexion/extension (W F/E), and wrist supination/pronation (W S/P). (e) The control architecture is where the PC
monitors joint angles (from IMUs) and sends commands to the motors.

namic synchronization for upper-limb rehabilitation. Two crit-
ical gaps remain: 1) Lack of physical adaptability: Most
approaches focus on reshaping spatial trajectories or adapting
to environmental changes, but often overlook real-time tem-
poral adaptation—that is, dynamically modulating execution
velocity along the trajectory to match the user’s movement
pace. 2) Insufficient inter-joint coordination: Current methods
mainly address single-DoF movements, with limited attention
to multi-joint coordination [19], [20].

To address these gaps, we present a comprehensive, home-
oriented rehabilitation robot system that is portable, cable-
driven, and features an adaptive DMP-based assistance module
capable of spatio-temporal modulation and inter-joint coordi-
nation. The main contributions of this work are as follows:

1) A lightweight, portable cable-driven upper limb reha-
bilitation robot is designed for home-based, ADL-oriented
therapy. By optimizing the mechanical structure—such as
direct cable attachment and minimizing wearable weight—the
system achieves a total weight under 5 kg (wearable part 0.7
kg), making it suitable for daily use in unstructured home
environments.

2) An adaptive control framework that integrates DMPs with
explicit spatial and temporal modulation is proposed: spatial
modulation personalizes the trajectory geometry from healthy-
limb demonstrations and task constraints (e.g., start/goal, via-
points), while temporal modulation scales the along-trajectory
velocity online. These mechanisms enable real-time velocity
adjustment and inter-joint coordination based on user perfor-
mance and physical ability.

II. CABLE-DRIVEN UPPER-LIMB
REHABILITATION ROBOT

A. Robot hardware

In this study, a cable-driven upper-limb rehabilitation robot
was developed as a portable, home-based system. The pro-
posed robot (depicted in Fig. 1(a)) weighs less than 5 kg,
with the wearable part weighing only 0.7 kg. It is specifi-
cally designed to assist three DoFs: elbow flexion/extension

(E F/E), wrist flexion/extension (W F/E), and wrist supina-
tion/pronation (W S/P) through a cable-driven mechanism.
Instead of using pulleys to rotate the joints, the driving
cables are attached directly to the robot frame to achieve
a longer moment arm without additional weight, as shown
in Fig. 1(b)—(d). One motor (GO-M8010-6 Motor, YuShu
Technology Co., Hangzhou, China) drives E F/E, while two
motors (DM-J4310-2EC, Damiao Technology Co., Shenzhen,
China) actuate W F/E and W S/P, respectively. A PC serves
as the controller, monitoring joint angles (from IMUs) and
sending commands to the motors, as shown in Fig. 1(e).

B. Impedance control

Impedance control is adopted to provide natural and in-
tuitive assistance for the proposed rehabilitation robot. The
motor output torque T,y 1S calculated as:

- eactual) + B(éref - éactual) (l)

where K and B are the stiffness and damping coefficients,
respectively; 0,y and 0,c  are the reference joint angles and
velocities; and 0,447 and éactual are the measured values.

Each motor is controlled in current mode, where the desired
torque is converted to a current command using the motor’s
torque constant. To compensate for cable friction and trans-
mission losses, a static friction compensation term Tjg,;c is
added to the control law:

Trobot = K(e'r‘ef

2

where the constant direction-dependent offset T,;. is experi-
mentally identified for each joint.

Tmotor = Trobot T Tfric

I1I. ADAPTIVE DMP-BASED MOVEMENT
TRAJECTORY GENERATION

This section presents an adaptive DMP framework inte-
grated with spatiotemporal modulation for ADL assistance.
The healthy limb’s (HL) motion serves as a reference to
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Fig. 2: Schematic of the control framework. The system integrates spatial and temporal modulation of dynamic movement
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Fig. 3: Curves of S(e) with different parameter a. The
function S(e) modulates the influence of trajectory deviation
on temporal adaptation, allowing controlled sensitivity to user
performance.

adaptively tune DMP parameters for the affected limb (AL),
ensuring synchronized, task-specific trajectories. Fig. 2 il-
lustrates the control architecture, which couples DMPs to
each DoF of the affected limb while dynamically adjusting
coordination based on real-time performance.

A. DMPs with Temporal and Coordination Modifications

DMPs are widely used for trajectory generation due to
their ability to model complex movements through imitation
and generalization [14], [15]. In this work, we extend the
standard DMP framework by introducing two key modifica-
tions: temporal adaptation and multi-DoF coordination. These
enhancements enable the robot to dynamically synchronize
with the user’s movement and maintain inter-joint coordination
during rehabilitation tasks.

1) Classic dynamic movement primitives: A classic DMP
can be represented as follows,

et =ay(b:(9—y) —2)+ f

ey ==z

3)
“4)

where ¢ is a time constant. a, and b, are positive constants.
z is an auxiliary state (scaled velocity). f is the forcing term
that drives y towards the goal g. In the DMP, f is normally
modeled as:

S i()wi

T0 =55 L

z(g — yo) ®)

where ;(z) is the basis function, and w; is the weight of
the i-th basis function, and yq is the initial position of the
trajectory. x is the phase of the whole movement, and the
canonical system which describes the dynamics in x can be
represented as follows,

(6)

where a, > 0 is a constant. The initial value for the state is
x(0) = 1, and it monotonically converges to 0 over time.

2) Temporal Adaptation for User-Specific Velocity: To ac-
commodate variations in user performance, the canonical
system of the DMP (6) is modified to replace the constant ¢
with a time-scaling factor (e) that adapts based on the user’s
movement. The temporal adaptation mechanism is defined as:

)

¢(e) dynamically adjusts the progression of the phase variable
x based on the deviation e between the user’s actual trajectory
Yai and the reference trajectory y. The deviation e is calculated
as:

EX = —QzX

e(e)t = —ayx,

®)

Inspired by the frequency modulation of adaptive frequency
oscillators [17], which utilizes both the trajectory deviation and
the oscillator’s speed as feedback to adapt the frequency and
phase to synchronize the AFO with an external signal, €(e) is
updated as:

€= ae(y - yal) — €.

g(e) = /KezeS(e)dt7 )
where K, is constant gain. S(e) mitigates the influence of
small fluctuations in e and prevents abrupt changes in the
trajectory velocity, and it is defined as:

—ble—al

e

S(e) (10)

= 1+ e—ble—al’
where a and b are shape parameters of S(e) (a shifts the tran-
sition center; b controls steepness). By dynamically adjusting
e(e), the robot can slow down or speed up its movement to
match the user’s preferred velocity.
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3) Multi-DoF Coordination: To maintain coordination
among DoFs, a phase-difference-based coordination mecha-
nism is introduced in the system. The phase of each DoF is
represented by the canonical system’s state variable z, and the
phase difference ¢g4; ¢y between the i-th DoF, which is denoted
as ¢;, and the average phase of all DoFs is calculated as:

Gdiff = Pi — Lz 91 (bi-

n

(11

The canonical system of each DoF is then modified to
include a coordination term:

e(e)t = —azx + kpdaiss- (12)

where kg4 sets the adaptation rate of inter-DoF coordination.
This adjustment ensures that the phases of all DoFs converge,
restoring coordination even after disturbances. For example, if
a disturbance causes one joint to lag, the system accelerates its
phase while slowing down the others, enabling rapid recovery
of inter-joint synchronization.

B. Spatial modulation of the DMPs with the movement of HL

Multi-subject ADL demonstrations were first collected and
generalized using Gaussian Mixture Model-Gaussian Mix-
ture Regression (GMM-GMR) to obtain a smooth nominal
trajectory preserving essential movement features [18]. This
nominal trajectory was then encoded by adjusting the weights
of the DMP basis functions so that a representative task pattern
was reproduced.

Personalization is achieved by embedding user-specific joint
configurations at task-critical states (e.g., reaching the cup,
bringing it to the mouth). Before donning the robot, each user
performs the task with the healthy limb (HL); joint angles
at automatically identified critical points are recorded. Each
DoF trajectory is then partitioned into segments bounded by
successive critical points (start, via-points, goal). Each segment
is modeled with an individual (piecewise) DMP whose start
yo and goal g are set to the user’s measured joint angles at
the corresponding boundaries. Sequential execution of these
segment-wise DMPs enforces the via-point constraints while
retaining smooth interpolation. This spatial modulation aligns
robotic assistance with the user’s intended path and task
demands. An illustrative example is shown in Fig. 4.

IV. EXPERIMENT AND CHARACTERISTIC EVALUATION
A. Participants and exclusion criteria

The proposed rehabilitation robot was evaluated in an ADL
task on ten healthy young participants (age: 23.8 & 4.4, height:
169.2 £+ 6.1 cm, weight: 67.2 + 5.8 kg; two were female).
The experiment was approved by the ethics committee of
the Southern University of Science and Technology (approval
no. 20240374), and it was conducted following the principles
stated in the Declaration of Helsinki.

All participants were right-handed, as determined by self-
report before the experiment. Both hands were expected to eas-
ily complete the ADL task because the participants are healthy
and young. Thus, no substantial side-dependent performance
differences were anticipated. For protocol consistency and to
control for limb dominance, the right arm was designated as
the “affected” limb to be assisted by the robot. In contrast,
the left (non-dominant) arm was used for demonstration and
reference trajectory generation. This design standardized con-
ditions across participants and facilitated motor performance
and assistance metrics comparisons.

B. Experiment protocol

As discussed in Section III, the proposed DMP-based
method can temporally modulate the trajectory to match the
user’s needs and coordinate the movement of different DoFs.
We hypothesize that this approach promotes greater voluntary
participation during ADL-based training than a classic DMP
controller without temporal and coordination modulation. If
the robot moves faster than the user’s intended velocity, the
user may struggle to keep up, resulting in increased assistance
forces from the impedance controller. Conversely, if the robot
adapts to the user’s intended velocity, the user can participate
more actively, leading to smaller assistance forces. Therefore,
we hypothesize that the proposed adaptive DMP-based control
method will (a) increase voluntary muscle activation and (b)
reduce the required robotic assistance compared to a classic
DMP controller, thereby enhancing active engagement and
improving synchronization during ADL tasks. Additionally,
we hypothesize that the coordination modulation will help
maintain inter-joint coordination during disturbances.

Before the main experiment, three participants, who also
took part in the validation experiment, provided training
demonstrations to build a generic task trajectory (Fig. 5(a)). At
the start of each session, each participant first performed the
task with the left (healthy) hand, and three IMUs (HWT-9052,
WitMotion Shenzhen Co., China) on the left arm recorded
the demonstration trajectory three times (Fig. 5(b)). Two task-
critical instants were automatically detected from joint-angle
peaks: grasping the cup (maximum W F/E) and drinking
(maximum E F/E). The joint angles at these instants were used
to initialize the DMPs. During the assisted trials, participants
sat comfortably while wearing the robot on their right arm,
along with the sensors (Fig. 5(c)). IMUs (JY-901B, WitMo-
tion Shenzhen Co., China) mounted on the robot measured
right-arm motion, and EMG bipolar sensors (Sichiray, Wuxi,
China; sampling rate: 1000 Hz) with Ag/AgCl electrodes
were attached to four upper-limb muscles—the biceps brachii
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Fig. 5: Experimental setup. (a) The ADL—drinking water from a cup—was used in the experiment; (b) left-hand demonstration
for DMP personalization; (c) assisted execution with wearable robot and sensors; (d) EMG electrode positions (BB, TB, ED,

FD).

(BB), triceps brachii (TB), extensor digitorum (ED), and
flexor digitorum (FD)—to monitor muscular activity during
the experiment. Six load cells (SBT674, Simbatouch Co.,
Guangzhou, China) were used to measure cable pulling forces
to quantify the assistance force from the robot to the user.
Sensor attachment positions are shown in Fig. 5(b)—(d).

1) Experiment 1: This experiment compared the proposed
adaptive DMP control with a classic DMP controller without
temporal and coordination modulation. The classic DMP con-
troller used the same spatially modulated reference trajectory
as the proposed method, but with a fixed time constant € and
no coordination term, resulting in a predetermined velocity
profile that did not adapt to user performance.

Participants performed the drinking task with the right arm
under two controller conditions: (a) classic DMP control and
(b) the proposed adaptive DMP control. In both conditions,
participants were asked to maximize voluntary participation
while emulating patient-like kinematics (slow, cautious move-
ment), which typically resulted in a slower speed than the
healthy side. Each condition comprised three trials (six trials
per participant in total), presented in randomized order with
adequate rest to avoid fatigue. After this comparison, partici-
pants completed additional trials using only the proposed adap-
tive controller under two instruction sets: Self-paced (normal,
self-selected speed) and Passive (no voluntary effort). Each of
these was also repeated three times (six additional trials).

Three instruction conditions were implemented: Passive
(no voluntary effort), Patient-mimicking (maximal voluntary
participation while deliberately adopting slower, cautious kine-
matics characteristic of weakness), and Self-paced (natural,
self-selected speed). In the Self-paced condition, participants
moved at a comfortable, stable rate consistent with their
typical performance. In the Patient-mimicking condition—and
in the classic DMP comparison—they intentionally reduced
speed and apparent effort to emulate impaired motor output.
In the Passive condition, they remained relaxed and allowed
the robot to execute the movement. These three conditions
span a clinically relevant range of engagement and capability
and were selected to test whether the adaptive controller can
appropriately modulate trajectory timing across different levels
of voluntary participation. Comparing these conditions enables

us to assess how adaptive temporal modulation influences user
engagement and assistance demand, thereby supporting the
goal of encouraging active participation.

2) Experiment 2: This experiment evaluated the perfor-
mance of the proposed method in improving coordination
between joints.

Five participants were instructed to perform the task with
maximum patient voluntary participation. The DMP for E
F/E was paused for 1 s, starting at 0 s or 2 s, to induce
temporary discoordination. Each condition was repeated three
times, resulting in six trials per participant, and the order
of conditions was randomized. Changes in phase among the
DMPs after the disturbance were used to evaluate coordination
control performance. The maximum phase difference caused
by the disturbance and the time required for the DMPs to
recover coordination were used to quantify performance.

C. Data collection and processing

Healthy participants completed the drinking task with 100%
success; therefore, task completion rate was not a meaningful
metric for comparison. Instead, the evaluation focused on
quantitative measures that reflect the quality of motor perfor-
mance and user—robot interaction. Specifically, two main met-
rics were used: (1) the level of muscular activation, measured
by normalized EMG signals from key upper-limb muscles, and
(2) the level of assistance provided by the robot, quantified by
cable tension forces. These metrics were chosen to assess both
the degree of voluntary user participation and the effectiveness
of the robot in providing adaptive, assist-as-needed support.

A customized program in MATLAB (R2024a, MathWorks,
Natick, MA, USA) was used for data processing. EMG signals
were band-pass filtered (10-400 Hz) and rectified. The root
mean square with a 100-ms window was applied to generate
the linear envelope for each task, and the mean amplitude was
computed per muscle. Each muscle’s EMG envelope and mean
amplitude were normalized to the maximum activation level
recorded before the experiment.

One-way ANOVA assessed differences among mean EMG
and cable tension values, and Bonferroni’s method was used as
a post hoc test to check pairwise differences. The significance
level was set at p < 0.05.
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TABLE I: Average amplitude of normalized EMG data in the drinking task

Method BB TB ED FD
Classic DMP 0.17 = 0.10 0.27 £ 0.27 0.24 + 0.08 0.18 = 0.09
Proposed method (passive) 0.13 £ 0.15 0.23 £ 0.20 0.19 £ 0.12 0.13 £ 0.12
Proposed method (patient-mimicking active) 0.28 £ 0.25 * 0.26 4+ 0.20 0.20 £ 0.19 0.18 £+ 0.09
Proposed method (healthy self-paced) 0.34 +0.26 * 0.21 £ 0.20 0.21 &+ 0.09 0.14 + 0.09
* Statistically significant difference compared with classic DMP.
BB: biceps brachii; TB: triceps brachii; ED: extensor digitorum; FD: flexor digitorum.
TABLE II: Average assistance force in the drinking task
Method E F/E W F/E W S/P
Classic DMP 14.89 + 7.08 N 857 £ 471N 507 £ 340N
Proposed method (passive) 9.90 + 293 N 5.89 £ 1.64 N 598 £ 2.89 N
Proposed method (patient-mimicking active) 792 £ 2.69 N * 5.84 £ 226 N * 494 £ 403 N
Proposed method (healthy self-paced) 6.54 & 2.00 N * 555 £2.04 N * 437 £ 275N *
* Statistically significant difference compared with classic DMP.
E F/E: elbow flexion/extension; W F/E: wrist flexion/extension; W S/P: wrist supination/pronation.
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Fig. 6: Movement trajectories under different control strategies and instructions. (a) Participants performed the task with
maximum voluntary effort under classic DMP control. (b)—(d) The proposed control strategy under passive, patient-mimicking
active, and healthy self-paced instructions, respectively. The blue line is the reference trajectory, the yellow line is the actual

trajectory, and the orange line is the change of time-scaling factor e.
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Fig. 7: Average EMG profiles in the drinking task. (a) Classic
DMP. (b)-(d) The proposed method under passive, patient-
mimicking active, and healthy self-paced instructions, respec-
tively.

D. Experimental Results

1) Results of Experiment 1: The movements of the elbow,
wrist rotation, and wrist flexion during the task in Experiment
1 are shown in Fig. 6(a)—(d). Across all ten participants, the
mean completion time for the drinking task using classic DMP
control was 21.2 £ 2.3 seconds. With the proposed method,
the mean completion times were 39.0 £ 3.5 seconds (passive),
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Fig. 8: Average assistance force of different DoFs in the
drinking task. (a) Classic DMP. (b)—(d) The proposed method

under passive, patient-mimicking active, and healthy self-
paced instructions, respectively.

50 100 0 50 1
% of the drinking movement
(b) (©)

10

33.0 = 3.1 seconds (patient-mimicking active), and 27.9 2.7
seconds (self-paced). The time-scaling parameter ¢ of the
adaptive DMPs increased as tracking errors occurred, thereby
slowing the reference trajectory to match the user’s movement
velocity. As shown by the orange curves in Fig. 6(b)—(d), €
changed during the task and reached approximately 3.7, 3.0,
and 1.5 under passive, patient-mimicking active, and healthy
self-paced instructions, respectively (larger £ corresponds to
slower executed velocity). Although the “self-paced” condition
was intended to match the velocity of the classical DMP (orig-
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Fig. 9: Coordination modulation for multi-DMPs. (a) and (b) Results of classic DMP and the proposed method when the
disturbance occurs from 0 s to 1 s. (c) and (d) Results of classic DMP and the proposed method when the disturbance occurs
from 2 s to 3 s. (The red area denotes the period when the DMP for E F/E is paused.)

inally recorded from left-hand demonstrations), the observed
execution times were longer. This is likely due to the wearable
robot’s inherent inertial and physical constraints, which can
naturally slow down movement.

The average activation levels of four muscles are shown
in TABLE I and Fig. 7. The activation level of the biceps
brachii (BB) increased with movement velocity. There was a
statistically significant increase in BB activation under healthy
self-paced or patient-mimicking active instruction compared
with classic DMP (one-way ANOVA with Bonferroni post
hoc, p = 0.012 for healthy self-paced, p = 0.021 for
patient-mimicking active). The other three muscles showed
similar activation levels and patterns across all conditions (all
p > 0.05).

The level of assistance for the different DoFs is shown in
Fig. 8 and TABLE II. Generally, the assistance provided to all
three DoFs was lower when applying the proposed method.
Significantly reduced assistance levels were found for E F/E
and W F/E under the healthy self-paced instruction, compared
with the classic DMP condition (p = 0.018 and p = 0.027,
respectively). For W S/P, the difference was not statistically
significant ( p > 0.05).

2) Results of Experiment 2: The results of Experiment 2
are shown in Fig. 9. In Fig. 9(a) and (b), a disturbance was
introduced by stopping the DMP of E F/E from 0 s to 1
s, which resulted in discoordination among the DoFs. With
the proposed coordination modulation, the progression of the
DMPs was slowed by adding ¢g4; ¢ to the canonical system in
(11). As a result, the mean maximum phase difference among
DoFs across all trials was 0.29 +£ 0.05, significantly lower than
the mean value observed without coordination control, which
was 0.42 & 0.07( p = 0.005 ). In addition, a negative ¢q;y s
was introduced in the canonical system of DoF1 to accelerate
it and enable rapid coordination recovery. The mean maximum
phase difference dropped to less than 0.05 within 0.7 seconds,
whereas it took more than 5 seconds for the mean phase
difference to recover without coordination control. Similarly,
coordination among the three DoFs was restored rapidly when
the disturbance occurred from 2 s to 3 s, as shown in Fig. 9(c)
and (d).

V. DISCUSSION
A. Discussion on experimental results

Unlike the classic DMP, the proposed framework combines
(a) spatial personalization from a single healthy-limb demon-
stration, (b) online temporal scaling, and (c) inter-joint phase
coordination. Rather than increasing controller stiffness, assist-
as-needed behavior emerges by matching movement velocity
to user capability and stabilizing synergies.

The results support the hypothesis that adaptive spatiotem-
poral modulation promotes voluntary engagement while lower-
ing assistance level. Compared with classic DMP, the proposed
controller increased biceps brachii activation at self-paced and
patient-mimicking velocities, while triceps brachii, extensor
digitorum, and flexor digitorum showed comparable levels
across conditions. Assistance forces were overall lower, with
significant reductions at E F/E and W F/E in the fast condition,
and a non-significant trend at W S/P.

Compared with temporal coupling schemes that monotoni-
cally slow motion as squared error grows [21], our bounded ¢
adaptation can decelerate and re-accelerate smoothly, tracking
the natural velocity fluctuations typical of ADLs. Relative to
linear phase estimators validated in lifting tasks [18], the DMP
phase state with via-point segmentation is less sensitive to
nonlinear geometry and stop—go segments. These properties
yield robust synchronization under disturbances and variable
velocities, reflected by lower assistance and faster coordination
recovery in Experiment 2.

B. Suitability of the Proposed Method for Home-Based Reha-
bilitation

The proposed cable-driven upper-limb rehabilitation robot is
compact and lightweight, enabling home deployment and daily
use. Two design choices reduce overall system weight: (1)
direct cable attachment with a long moment arm (e.g., 10 cm
at the E F/E joint, versus the 2-3 cm radius typical of pulley-
based designs), which lowers required motor torque and allows
the use of lighter actuators; and (2) assistance limited to distal
joints (elbow and wrist), the primary targets for home-based
rehabilitation because proximal motor function is typically
emphasized during the acute phase of stroke at hospitals [2].
Omitting active shoulder actuation further saves weight and
volume, given the shoulder’s mechanical complexity (three
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DoFs). As a result, the wearable section weighs only 0.7
kg—Ilighter than comparable cable-driven exoskeletons such
as UULE (1.8 kg), CABXLexo-7 (3.75 kg), and CADEN-7
(6.8 kg) [22]. This lightweight, portable design enables users
to perform ADL-based training in varied home environments
with real objects, enhancing rehabilitation effectiveness.

The control strategy does not require complex calibration.
By leveraging a single healthy-limb demonstration, the system
can quickly personalize training for each user, minimizing
therapist involvement and enabling rapid adaptation to in-
dividual needs. Furthermore, the integrated spatiotemporal
modulation and inter-joint coordination mechanisms allow the
robot to dynamically adjust to the user’s physical abilities and
daily task variations. The intuitive human-robot interaction
and robust disturbance rejection make the system easy to
operate independently, supporting long-term adherence and
enabling intensive, task-oriented training in unstructured home
settings.

C. Limitations and future work

This study has two limitations. First, all participants were
young, healthy adults, whose neuromuscular characteristics
differ from those of hemiplegic patients. Although recruiting
healthy participants is a widely used approach for initial
system validation [10], [22], future work will conduct clinical
trials with stroke survivors across impairment levels and will
include clinical endpoints alongside EMG and force met-
rics. Second, the current algorithm assumes the availability
of a contralateral “healthy-limb” demonstration to initialize
spatial modulation and DMP segmentation. This constrains
applicability to hemiplegic users with adequate contralateral
function and limits use in bilateral impairment or severe
proximal deficits. Future efforts will remove this dependency
by introducing Reinforcement Learning based methods [23].

VI. CONCLUSION

This study presents the design and assessment of a cable-
driven upper-limb rehabilitation robot that has the potential
to bridge critical gaps in personalized, task-specific training
for unstructured daily environments. Integrating DMPs with
phase-synchronized impedance control, the proposed rehabil-
itation robot enables user-independent trajectory generation
while preserving the spatiotemporal coordination essential
for functional ADLs. Experimental validation demonstrated
three key advancements: 1) Real-time adaptability: The sys-
tem enables velocity-scaled assistance aligned with user ca-
pabilities. 2) Inter-joint coordination: Phase-error feedback
achieved rapid disturbance recovery (0.7 s vs. 5.1 s baseline),
maintaining physiological wrist-elbow coordination during
complex tasks. 3) Active engagement: A 64.71% increase in
biceps activation confirmed enhanced voluntary participation,
addressing the compliance challenges of conventional assist-
as-needed paradigms.
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