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Abstract— We present a multimodal control system for a
tendon-driven soft wrist exosuit that delivers personalized,
angle- and mode-sensitive assistance during wrist flexion-
extension. Our hierarchical architecture combines surface elec-
tromyography (sEMG) and inertial measurements through a
three-layer controller comprising an intent recognizer, an angle-
specific EMG normalization layer, and a low-level impedance
controller. In a pilot study with four healthy participants
performing repetitive wrist tasks at slow and fast speeds, with
and without a 2.5 kg load, our controller substantially com-
pensated the additional external load when present. Compared
with unassisted trials under load, median normalized extensor
activity decreased by approximately 30% (Cohen’s d > 1.7),
and the fatigue-related drift in EMG across repetitions was
eliminated. In contrast, assistance slightly increased EMG in
the no-load condition. Assistance introduced a modest accuracy
penalty: root-mean-square error and peak error rose by roughly
1−2◦ but remained below 4◦ on average. These results demon-
strate that integrating angle-dependent EMG normalization
with inertial sensing enables effective, task-specific unloading of
the wrist while maintaining functional accuracy. Our findings
lay the groundwork for larger studies and clinical applications
of soft wrist exosuits.

I. INTRODUCTION

Wearable robotic exoskeletons are increasingly used for
assistive and rehabilitative purposes to enhance motor func-
tion in individuals with impairments and to augment the
capabilities of healthy users (e.g., overhead tasks in industry)
[1]. However, the rigid structures of exoskeletons suffer
from various problems. Individual joint alignment requires
significant time and is essential for proper function. How-
ever, most models are heavy and uncomfortable, limiting
usability over extended periods [2], [3]. Additionally, many
exoskeletons show a lack of portability and tend to remain
in rehabilitation labs. Only a few passive models, mainly for
industrial use, are seen outside such controlled environments
[2]. In contrast, soft exosuits are a lightweight solution that
offer inherent compliance and improved comfort [1], [2].
Their soft materials and tendon-driven transmissions bypass
joint misalignment entirely [2].

Impairment of wrist function (e.g., post-stroke hemiparesis
or radial-nerve injury) can severely limit hand use [4], [5].
Assistive wrist exoskeletons can provide additional force
to the impaired joints. They can improve the ability of
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users with muscle weakness to perform activities of daily
living. Yet, they remain under-prescribed due to shortcom-
ings in current device designs and control strategies [6].
A common approach to scale output force according to
the user’s intent is proportional myoelectric control (PMC),
which scales assistive torque to the user’s surface elec-
tromyography (sEMG) signals [7]. Linear PMC has been
applied in elbow and wrist devices [7], [8], but these simple
mappings are limited in robustness across postures and over
time [8]. In particular, sEMG amplitude varies substantially
with joint angle due to biomechanical factors. To date,
few controllers have performed real-time angle normaliza-
tion of sEMG. Advanced techniques (e.g., Hill-type muscle
models or machine-learning regressors) exist to model the
sEMG–torque relationship more accurately, but they demand
extensive calibration and computation [9], [10]. These gaps
highlight the need for more adaptive, control architectures
tailored to wrist biomechanics and user intent [11], [12].

To address these challenges, we introduce a multimodal
control system that integrates sEMG and inertial measure-
ment units (IMUs) for sensing, along with a hierarchical con-
trol architecture. Our approach dynamically compensates for
load based on sEMG signals and joint angles, utilizing IMU-
based angle estimation for calibrated polynomial mappings.
To improve within-range consistency of assistance, we com-
pensate for joint-angle–dependent sEMG amplitude using
angle-specific normalization, which reduces posture sensitiv-
ity relative to fixed-gain proportional myoelectric mappings
[7], [8], [13], [14], while avoiding the calibration and compu-
tational burden of musculoskeletal model–based approaches
[10]. This simple model ensures a quick computation that
runs in real-time. High-level intent recognition classifies
the user’s activity (extension or flexion), and the system
dynamically engages tailored modes, with specific assistive
strategies. By combining real-time multimodal sensing with a
three-layer control architecture (high-level intent recognition,
mid-level assistive control, and low-level impedance control),
the exosuit provides compliant assistance in real time. In
summary, this paper presents the design and integration of a
simple, multimodal control system for a tendon-driven wrist
exosuit, without a musculoskeletal model, and evaluates its
effectiveness through a pilot user study.

II. METHODS

This section describes the hardware and sensing platform
of the wrist exosuit, the angle-specific sEMG normalization
procedure, the hierarchical control architecture, and the de-
sign of the pilot user study.
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A. Exosuit Hardware and Sensors

The assistive device is a soft wrist exosuit that actuates
flexion-extension through two brushless DC motors (AK60-
6 motors, CubeMars, Nanchang, China) [15] driving a pair
of tendons (woven DuPont Aramid fiber, 90 kg traction).
The motors are mounted on a lightweight testbed, and the
tendons are routed along custom guides towards a wristband
that integrates an IMU and across to a soft glove. This setup
enables the 9 Nm peak output torque of the motors to produce
a torque of approximately 20 Nm at the wrist joint. The glove
follows prior exosuit designs that route tendons along the
palmar and dorsal surfaces of the hand [16], [17]. Instead
of a dedicated in-line load cell, due to the additional bulk,
tendon tension is monitored via the built-in torque estimator
of the MD80 motor driver (MAB Robotics, Poznań, Poland)
and used to enforce safety limits in a closed-loop control
architecture [18].

Two MYO (Thalmic Labs, Kitchener, Canada) armbands
provide eight sEMG channels each, sampled at 200 Hz.
The raw sEMG signal is amplified, high-pass filtered at
10 Hz, rectified, and then low-pass filtered by a second-
order Butterworth filter with a 4 Hz cut-off to extract the
envelope (mean absolute value, ARV). Because the relevant
envelope frequencies are below 25 Hz, the 16-dimensional
envelope feature is down-sampled to 50 Hz to reduce compu-
tational load. Mathematically, the sEMG pre-processing adds
a ≈ 112ms delay. Simultaneously, two custom-built IMUs
(Model: BNO08X, Bosch, Germany) deliver quaternion-
based 3D orientation at 200 Hz [19]. Both sensors stream
their raw data to a host machine, where the signal is pre-
processed, classified, and used for torque prediction using our
custom C#-framework [20], [21]. At the same time, a Rasp-
berry Pi (Sony UK Technology Centre, Wales, UK) performs
low-level actuation and communicates motor commands over
a Controller Area Network (CAN) bus [22], [23]. A photo
of the assembled wrist-exosuit mounted in the testbed is
provided in Figure 1.

B. Angle-Specific sEMG Normalization

During an individual calibration session, participants
perform maximal voluntary contractions (MVCs) “at five
equally spaced joint angles within the participant’s ROM
in both extension and flexion. The resulting peak ARV
values are recorded and fitted with third-order polynomials
for each movement direction, allowing for the smooth and
quick compensation of sEMG-angle non-linearities without
the risk of over-parameterization [14]. Prior work indicates
that polynomial sEMG–angle normalization is effective for
lower limb joints [13].

sEMGmax(θ) = k0 + k1θ + k2θ
2 + k3θ

3 (1)

where sEMGmax(θ) ∈ R is the expected maximum
sEMG envelope for a specific angle, θ ∈ R is the specific
exosuit angle, and k0, k1, k2, and k3 ∈ R are the coefficients
of the fitted polynomial. The fitted polynomials are sampled
every 1◦ to produce lookup tables that map joint angle

Monitor (TAC-Test)
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IMU
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Fig. 1: Prototype tendon-driven wrist exosuit. Motors with
tendon routing are mounted on a forearm anchor brace;
tendons attach to a glove to apply flexion/extension torques.
Monitor with the target achievement (TAC) test nearby.
Sensorization via sEMG and IMU.

to the expected maximum sEMG envelope, thus drastically
enhancing the performance during runtime. At runtime, the
current sEMG envelope ARV (t, θ) ∈ R is divided by the
angle-specific maximum to yield a normalized activation
value a(θ) ∈ [0, 1].

a(θ) =
ARV (t, θ)

sEMGmax(θ)
(2)

This angle-aware normalization compensates for posture-
dependent variations in sEMG amplitude and ensures that
subsequent torque commands reflect the user’s effort rather
than joint position.

C. Control Architecture

The exosuit employs a three-layer hierarchical control
architecture (Figure 2), comprising a high-level intent recog-
nition module, a mid-level assistive policy generator, and a
low-level impedance controller. Processed sEMG and IMU
signals are streamed to the high- and mid-level controllers via
Bluetooth Low Energy and 5 GHz local Wi-Fi, respectively,
with negligible transmission delay. The low-level controller
executes on the embedded motor driver at 40 kHz, with inner
velocity and outer position loops operating at 5 kHz and 1
kHz, respectively.
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1) High-Level Classification: In this work, intention is
defined operationally as the user’s current assistive request
(i.e., desired wrist movement class: rest, extension, or flex-
ion). To enable high-level control prediction, the normalized
sEMG envelopes from 16 channels are arranged into a
feature vector, which is passed to an incremental ridge
regression classifier trained during calibration. This model
outputs continuous scores for the movement classes i ∈
{rest, extension, flexion}; a softmax function then con-
verts these scores into probabilities pi. A class is activated
only if its probability exceeds a minimum threshold and
is higher than the second-largest probability by at least
∆P ∈ R; otherwise, the system remains in the rest state. This
gating introduces hysteresis and avoids switching when class
probabilities are close [24], [25], [26]. In our experiment,
we use pmin ≈ 0.3 and ∆P ≈ 0.10 during the ≈ 1 min
calibration and kept them fixed per participant.

2) Nonlinear sEMG-to-Torque Mapping: The mid-level
controller computes the desired assistive torque ω(a) ∈ R
based on the normalized activation a(θ) and the classified
intent as shown in Eq. 3. The torque sign is set by the active
mode from the high-level controls, while Eq. 3 provides the
magnitude. The assistance adapts continuously only through
the angle-normalized activation a(θ). Below a relative activa-
tion threshold amin ∈ R, a constant preload torque ωmin ∈ R
maintains cable tension. For activations above amin, the
desired torque obeys a logistic function

ω(a(θ)) = ωmax ·
1

1 + exp
[
−k(a(θ)− ac)

] , (3)

where ωmax ∈ R sets the maximum assistive torque, ac ∈
R positions the sigmoid centre, and k ∈ R defines its
slope. Adjusting (amin, ac, ωmin, ωmax) allows the response
to be tuned to individual preferences. In the pilot, direction-
specific defaults were used: extension (ωmax = 6Nm,
ωmin = 0.3Nm), flexion (ωmax = 7Nm, ωmin = 0.5Nm);
ac = 0.5 and k = 3 in both directions. Activation floors
were amin,ext = 0.18 and amin,flex = 0.20. A baseline cable-
tension floor of 0.2Nm was maintained at rest.

3) Low-Level Impedance Control: The low-level con-
troller on the MD80 driver emulates a virtual spring–damper
at a reference angle and enforces the resulting torque via
impedance control:

τ = kP (θref − θ) + kD (θ̇ref − θ̇) + τff , (4)

with

τ, θ, θref , θ̇, θ̇ref , τff ∈ R, kP , kD ∈ R>0.

where kP (θ) is the stiffness and kD (θ̇) the damping. (θref =
0, θ̇ref = 0) are the reference position and velocity from
the mid-level impedance controller, and τff = ω(a) is the
desired assistive torque feed-forward term [27]. The driver
continuously monitors motor current, encoder feedback, and
internal torque estimates to maintain safe tendon tension and
disable assistance if thresholds are exceeded [18].

High-level
Intent recognition

State machine

Mid-level
Assistive policy

Low-level
Impedance control

sEMG Signal-
Processing

→ Amplification
→ HPF (10 Hz)
→ Rectification
→ LPF (4 Hz)
→ Resampling

BLDC motors
→ Tendons

16×ARV

a(θ), θ

mode ∈ {rest, ext, flex}

θref , θ̇ref , τff τest, safety status

τcmd

θ, θ̇, τest

Fig. 2: Three-layer control architecture with explicit mode
gating and angle-aware sEMG normalization. Processed
sEMG feeds a high-level intent recognizer and a mid-level
policy that computes time-varying torque magnitude ω(a).
The low-level impedance controller enforces the commanded
torque (Eq. 4). Dashed lines are feedback signals and solid
lines are commands.

D. Controller Calibration

Each participant undergoes a calibration procedure to
personalize the sEMG normalization and intent classifier.
First, the user performs MVCs for extension and flexion at
5, within the participant’s range of motion (ROM), equally
distributed joint angles; the system records peak ARV values
and fits third-order polynomials as described in Section II-
B. These lookup tables are later used to normalize sEMG
envelopes to percentage MVC, assuming that the sEMG-
angle relationship is smooth and cubic [13]. Second, the
high-level classifier is trained: the user is instructed to rest,
extend, and flex the wrist while ARV features are collected,
yielding three seconds of data per class. An incremental
ridge regression algorithm is fitted to these data and used
to recognize intention in real time [24], [25]. Notably, the
whole calibration procedure took approximately 1 minute.
After calibration, users practice a few assisted movements to
familiarize themselves with the device.

E. Participants and Experimental Design

Four healthy adults (three male, one female; mean age
26.3 ± 3.6 years) with no history of upper-limb disorders
participated after providing written consent. A within-subject
factorial design manipulated Assistance (On/Off), Load (0 kg
vs. 2.5 kg), Speed (45°/s vs. 90°/s), and Movement Direction
(extension vs. flexion), resulting in 2 × 2 × 2 × 2 = 16
conditions presented in a counterbalanced order.

Participants performed wrist movements in a pronated
forearm position with the hand oriented horizontally, such
that wrist extension was performed against gravity and wrist
flexion was performed with gravity. In the 0 kg condition, the
load corresponded to the weight of the hand acting through
gravity. In the 2.5 kg condition, an additional 2.5 kg mass
was attached to the hand, increasing the gravitational torque
during extension and reducing it during flexion.

Each trial comprised 20 repetitions of a wrist motion, start-
ing from neutral and alternating between maximal extension
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and flexion at the prescribed speed. Participants followed a
continuous target trajectory displayed on a screen and were
instructed to keep the wrist angle indicator aligned with
the target. The repetition was successful when the target
end position was reached. Five-minute breaks were inserted
between runs to minimize fatigue. The user performed all
calibrations and practice trials before the experimental runs.

F. Outcome Measures
Muscle activation was quantified as the median ARV

(normalized to the angle-specific MVC) of the extensor
muscle channels per repetition, averaged within each condi-
tion. sEMG variance and the rate of change of ARV across
repetitions served as proxies for muscle fatigue [28]. Track-
ing accuracy was evaluated by the root-mean-square error
(RMSE) between the actual and target wrist angle and by the
peak absolute error per repetition. Shapiro-Wilk tests verified
normality of the dependent variables (p>0.05). A repeated-
measures Analysis of Variance (rmANOVA) (with factors
Assistance, Load, Speed, and Direction) was conducted,
followed by Holm-Bonferroni-corrected paired t-tests where
appropriate. Significance thresholds were set at α = 0.05.

III. RESULTS

The results are divided into three sections. Firstly, the
changes in total sEMG amplitude represent the muscle
activation. Secondly, the observations regarding fatigue are
presented. Finally, the third section shows the kinematic
tracking accuracy.

A. Median averaged rectified sEMG amplitude

Fig. 3: Median ARV amplitude during wrist extension. Cyan
= assisted, orange = unassisted. Left: no load; right: 2.5 kg
load; each panel shows fast vs. slow tracking. Horizontal
brackets mark significant paired contrasts.

The ARV of the extensor muscles served as the primary
effort metric. rmANOVA revealed that the external load had
a substantial main effect (F (1, 3) = 184.2, p < 0.001).
A significant Assistance×Load interaction was observed
(F (1, 3) = 48.8, p < 0.01), indicating that assistance in-
fluences sEMG amplitude differently depending on whether
a weight is present.

Without an external load, assistance increased the median
ARV by ≈ 18%. The effect sizes were negative in extension
(d = −0.6) and flexion (d = −0.3). Conversely, when
lifting the 2.5 kg weight, assistance markedly reduced sEMG
amplitude. The reductions were large for the extension
(Cohen’s d = 1.8 in the fast condition, d = 1.7 in the slow
condition) and moderate-to-large for flexion (d = 0.7-1.0).
Averaged across all speeds, the assisted trials showed roughly
a 30% decrease in median ARV activity relative to unassisted
trials under 2.5 kg load. In contrast, the no-load condition
exhibited a slight increase in effort with assistance in place.
These results demonstrate that the exosuit’s unloading effect
manifests primarily when an external torque challenges the
wrist.

B. Fatigue-related sEMG ARV drift

Fig. 4: Median ARV per repetition under 2.5 kg load (top)
and no-load (bottom). Loaded assisted ARV change over
time remains flat; unassisted ARV rises.

Fig. 5: Median ARV per repetition under 2.5 kg load and
no-load per participant.

To examine fatigue, we analyzed the evolution of median
ARV over successive repetitions. Each run consisted of 20
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full flexion-extension cycles. To ensure steady-state condi-
tions of the sEMG envelopes and movement execution, we
excluded the first three and last two flexion–extension cycles.
Initial cycles often contain motor-adaptation transients (e.g.,
familiarization with the device), whereas final cycles exhibit
attention-related variability and task-termination effects. The
remaining 15 cycles provide a stable core segment for
the slope analysis, allowing for consistent subdivision into
early, middle, and late task phases for the fatigue analysis.
Under the 2.5 kg load, the unassisted median ARV increased
linearly across repetitions (slope β = +0.0024 a.u./rep,
p < 0.001), whereas the assisted series showed no sig-
nificant drift (Fig. 4). An early-late comparison confirmed
that unassisted sEMG rose significantly from 0.082 a.u. to
0.093 a.u. (t = −11.406, p < 0.0005, d = 5.16). In contrast,
the assisted condition exhibited no significant change (t =
−0.890, p = 0.424, d = 0.48). Participant-wise inspection
(Fig. 5) confirms that this upward drift in the unassisted
loaded condition occurred consistently across all participants,
with particularly pronounced increases in Participants 02–04.
These findings indicate that the exosuit mitigated fatigue-
related increases in muscle activation when the wrist was
loaded, without causing additional fatigue in the no–load
condition, as indicated by Figure 4. Without load, the assisted
and unassisted ARV activity shows no drift and remains flat
at a low baseline across all repetitions.

C. Kinematic tracking accuracy

Fig. 6: Wrist-angle tracking RMSE by load and speed for
flexion and extension. Each box plots the distribution of per-
segment RMSE values (z-standardized within participants).

Kinematic accuracy was assessed using the RMSE and
peak error between the target trajectory and the measured
wrist angle. Errors were computed for each repetition, then
standardized within participants. Across conditions, assis-
tance increased tracking error relative to unassisted trials:
the rmANOVA on z-standardized RMSE showed a near-
significant main effect of condition (F (1, 3) = 9.271,
p = 0.056) and a significant Condition×Load interaction
(F (1, 3) = 10.482, p < 0.05). Absolute RMSE values

nevertheless remained below 4◦ on average, and peak errors
also rose modestly with assistance; a separate rmANOVA
on peak error yielded a significant main effect of condition
(F (1, 3) = 11.435, p < 0.05). There were no significant
interactions involving speed or movement direction (all p >
0.05), indicating that the accuracy penalty was invariant
across these factors.

IV. DISCUSSION

This work investigated a multi-modal, angle- and mode-
sensitive control system for a soft-wrist exosuit. The con-
troller combines angle-specific sEMG normalization and
inertial sensing with a three-layer architecture that applies
torque assistance. A pilot study involving four healthy
participants assessed the impact of this system on muscle
activation and kinematic accuracy during repetitive wrist
tasks with and without an external load.

A. Effort reduction and fatigue mitigation

Consistent with our hypothesis, the exosuit markedly
reduced extensor muscle activity when participants lifted
a 2.5 kg mass. Under load, median sEMG amplitudes de-
creased by roughly 30% relative to unassisted trials, with
large effect sizes in extension and moderate-to-large effects
in flexion. Importantly, this unloading effect was contingent
on the presence of external torque; without load, the median
ARV tended to be slightly increased, and effect sizes were
negative. Fatigue analysis further showed that, under load,
unassisted sEMG drifted upward across repetitions, whereas
assisted sEMG remained flat, indicating that the controller
mitigates neuromuscular fatigue when the musculature is
challenged. However, in the no-load case, the slopes of both
conditions showed similarly small gradients. These results
demonstrate that angle-specific sEMG normalization coupled
with a logistic torque mapping can provide meaningful assis-
tance without inducing fatigue. Still, they also underscore the
task-specific nature of the benefits: assistance is most useful
during loaded movements and may be counter-productive
during no-load tasks.

B. Accuracy trade-offs and mechanical considerations

The principal drawback observed was a modest but sys-
tematic increase in tracking error when assistance was pro-
vided. The RMSE and peak error were higher in the assisted
condition across load and speed combinations. Although z-
standardized RMSE exhibited a near-significant main effect
of condition and a significant interaction with load, absolute
RMSE values remained below 4◦ on average and thus within
functional bounds. Notably, this magnitude is comparable to
the intrinsic dynamic orientation error of the BNO080 iner-
tial sensor used for angle tracking, whose typical dynamic
rotation error is approximately 3.5◦ and static error 2.0◦

according to the manufacturer’s specification [19]. Hence, the
observed deviation approaches the sensor’s inherent accuracy
limit rather than representing a substantial degradation of
kinematic performance. The increase in error likely stems
from mechanical compliance inherent in the tendon-driven
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prototype: slack in the glove and forearm brace introduces
a delay between commanded and delivered torque, leading
to overshoot and oscillations, particularly when no external
load is present. Similar effort-accuracy trade-offs have been
reported for other upper-body exoskeletons [29]. Mitigating
this penalty will require hardware refinements (stiffer tendon
routing, adjustable braces, decoupled sensor mounts) and
control-level adaptations (tuning impedance gains and adopt-
ing torque mappings that account for dynamic coupling).

C. Limitations and future work

This pilot study involved four participants and served
primarily to demonstrate feasibility. Accordingly, rmANOVA
results should be interpreted descriptively, with emphasis
on effect sizes rather than p-values. Larger and more di-
verse cohorts, including stroke survivors and older adults,
are needed to draw robust conclusions about therapeutic
efficacy and usability. The MYO armbands operated at
200 Hz, which was adequate for envelope extraction but
precluded spectral fatigue analyses. Future implementations
should employ higher-resolution sEMG systems (≥ 1 kHz)
to enable frequency-domain metrics. Additionally, adhesive
electrodes may reduce potential electrode shift, increasing
signal robustness further. The sEMG envelope pipeline adds
≈ 112 ms; with negligible transmission, the end-to-end delay
is ≈ 120 ms. This falls within typical real-time budgets (<
300 ms) for myoelectric control [30], [31], [32], [33], [34].
A slight cable preload was maintained to suppress slack-
induced transients and maintain instant force transmission.
The controller relied on cubic polynomial sEMG-angle maps
and a fixed logistic model to convert normalized sEMG into
assistive torque. While these mappings are computationally
efficient [10], they may not capture individual biomechanical
nuances. Furthermore, we did not benchmark them against a
musculoskeletal model-based PMC. Our claim is conceptual:
angle-specific sEMG normalization aims to improve within-
ROM consistency compared to fixed-gain control [7], [8],
[13], [14]. While the on-board torque estimator provided
sufficient, yet unspecified bandwidth for safe operation in this
prototype, a more advanced exosuit revision would benefit
from compact in-line load cells, which would enable more
accurate tendon-force sensing and allow baseline tendon
preload to be reduced below the ≈ 0.2 Nm floor imposed
here by the estimator accuracy. Future work could explore
denser calibration protocols or adaptive neuromechanical
models that update online. Finally, movement-intent clas-
sification used a simple ridge regression trained on a few
seconds of data; more sophisticated classifiers (e.g., support
vector machines or lightweight neural networks) may im-
prove robustness and generalizability [24], [25].

Overall, this study demonstrates the feasibility of inte-
grating angle-normalized sEMG and inertial sensing in a
hierarchical control scheme for a wrist exosuit. The controller
provides substantial unloading and fatigue mitigation during
loaded tasks, while incurring a minor penalty in kinematic
accuracy. These findings lay the groundwork for future
clinical evaluations and motivate continued refinement of

both hardware and control strategies.

V. CONCLUSION

This study demonstrates the feasibility of integrating
angle-normalized sEMG and inertial sensing within a hi-
erarchical control framework for a soft-wrist exosuit. By
combining a high-level intent detection and classification
with angle-specific sEMG normalization and a nonlinear
torque mapping, the controller delivers angle- and mode-
sensitive assistance that adapts to user effort and joint
posture. Active assistance from the exosuit markedly reduced
muscular effort and mitigated fatigue when the wrist operated
against a 2.5 kg load. Kinematic accuracy declined modestly
with assistance, yet absolute tracking errors remained within
measurable limits. These findings highlight a fundamental
trade-off between unloading and precision, underscoring the
importance of tailoring assistance to the task and user.

Given the small sample size and simplified hardware, the
present results should be interpreted as proof of concept.
Future work should explore mechanical refinements to re-
duce compliance and latency, integrate higher-fidelity sEMG
sensors and more robust intent classifiers, and evaluate the
system in larger and clinically diverse cohorts. Ultimately,
such improvements could enable soft exosuits to transition
from laboratory prototypes to versatile assistive devices that
augment hand and wrist function in daily life.
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[29] J. Gräf, S. Grospretre, A. Argubi-Wollesen, and B. Wollesen, “Impact
of a passive upper-body exoskeleton on muscular activity and precision
in overhead single and dual tasks: an explorative randomized crossover
study,” Frontiers in Neurology, vol. 15, p. 1405473, Jun. 2024.
[Online]. Available: https://doi.org/10.3389/fneur.2024.1405473

[30] L. H. Smith, L. J. Hargrove, B. A. Lock, and T. A. Kuiken, “De-
termining the optimal window length for pattern recognition-based
myoelectric control: balancing the competing effects of classification
error and controller delay,” IEEE Transactions on Neural Systems and
Rehabilitation Engineering, vol. 19, no. 2, pp. 186–192, 2011.

[31] T. R. Farrell and R. F. Weir, “The optimal controller delay for
myoelectric prostheses,” IEEE Transactions on Neural Systems and
Rehabilitation Engineering, vol. 15, no. 1, pp. 111–118, 2007.

[32] C. Igual, L. A. J. Pardo, J. M. Hahne, and J. Igual, “Myoelectric control
for upper limb prostheses,” Electronics, vol. 8, no. 11, p. 1244, 2019.

[33] S. Tam, M. Boukadoum, A. Campeau-Lecours, and B. Gosselin,
“Intuitive real-time control strategy for high-density myoelectric hand
prosthesis using deep and transfer learning,” Scientific Reports, vol. 11,
no. 1, p. 11275, 2021.

[34] C. Attig, N. Rauh, T. Franke, and J. F. Krems, “System latency guide-
lines then and now — is zero latency really considered necessary?”
in Engineering Psychology and Cognitive Ergonomics. EPCE 2017,
ser. Lecture Notes in Computer Science. Cham: Springer, 2017, vol.
10276, pp. 2–14.

1058


