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Abstract

Soft wearable actuators offer compliant, lightweight assistance for rehabilitation and motor
support, but their translation beyond controlled laboratories depends on reliable sensing,
fault management, and adaptive control. This systematic review maps the evidence across
three linked domains: fault detection and diagnosis (FDD), sensing, and intelligent control.
Owing to marked heterogeneity in actuator types, validation settings, and reported out-
comes, the evidence was synthesised narratively and described using publication counts
and proportions rather than pooled performance estimates. The study-level supplementary
appraisal covers all 106 publications included in the review. Four normative standards
were retained within this total as normative context and were marked as not applicable
for empirical methodological appraisal; they were not subtracted from the corpus count.
Across the 106 included records, 40 were classified as direct, 57 as adjacent, five as indi-
rect, and four as normative context. The FDD subset was especially limited: nine records
provided adjacent evidence and five were indirect under the strict soft-wearable rehabil-
itation criterion. The review therefore identifies soft-actuator-specific FDD benchmarks,
multimodal health-state estimation, and fault-aware control as actionable priorities, while
distinguishing these structural gaps from constraints expected in a technologically young
field. The completed review was retrospectively registered in the OSF Registries on 21 July
2026 using the Open-Ended Registration template.

Keywords: soft actuators; wearable robotics; rehabilitation; fault detection; sensing; intelligent
control; machine learning; motor assistance; exoskeleton

1. Introduction

Neurological and musculoskeletal disorders often produce persistent motor limita-
tions that require intensive, repetitive rehabilitation. Wearable robotic systems can increase
the dose and consistency of task-oriented training and can quantify movement outside
conventional therapist-led sessions [1-3]. Their value is particularly evident when assis-
tance must be tailored to residual motor capacity and delivered across clinical and home
settings [1,4].

Rigid exoskeletons have dominated wearable rehabilitation robotics and have demon-
strated benefits in gait and upper-limb training [2,3,5]. Their fixed kinematic structures,
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however, may be difficult to align with individual anatomy, add distal mass, and require
careful management of physical human-robot interaction. These constraints have encour-
aged the development of compliant wearable systems that distribute forces over larger
body areas [4,6,7].

Soft wearable actuators are fabricated from deformable elastomers, textiles, and com-
posite laminates that conform to the body and accommodate anatomical variability [4,6,8].
Pneumatic and textile actuators are used widely in gloves, exosuits, and joint-assistance de-
vices [8-11]. Electrically driven alternatives, including shape-memory-alloy and dielectric-
elastomer actuators, may reduce noise or external pneumatic hardware, although thermal
and high-voltage constraints remain relevant [12-14].

Compliance does not eliminate risk; it changes the failure physics. Pneumatic leak-
age, membrane damage, material fatigue, transmission failure, and sensor drift may
develop gradually and can reduce assistance before a conventional safety threshold is
reached [15-18]. State estimation is also difficult because large deformation limits the
usefulness of rigid encoders. Flexible strain sensors, optical fibres, pressure sensors, force
sensors, IMUs, and biosignals are therefore combined to estimate both actuator state
and user intent [19-26]. Control must then accommodate nonlinear material behaviour,
hysteresis, user variability, and safety constraints [27-30].

FDD, sensing, and control should consequently be considered as a coupled safety
problem. Fault detection depends on the quality and redundancy of sensory information,
while control performance depends on reliable estimates of both user state and actuator
health. Conversely, model-based residuals may become unreliable when manufacturing
variability, temperature, or fatigue shifts the actuator dynamics [15,17,18,31]. The literature
has usually examined these functions separately.

Existing reviews have described soft actuator design, wearable architectures, sensing,
or rehabilitation control [1,4,6,8,27,32-39]. Reviews of FDD have largely focused on rigid
manipulators or general engineered systems [40-43]. An integrated assessment is there-
fore useful, provided that evidence transferred from non-wearable domains is identified
explicitly and is not presented as direct validation in soft, human-coupled actuators.

This review has four objectives. It first characterises failure modes that are relevant
to soft wearable rehabilitation. It then examines the sensing modalities used to estimate
actuator state and human—device interaction, followed by the control approaches used to
personalise assistance. Finally, it evaluates the directness of the available evidence and
identifies research priorities that are actionable now, rather than limitations that mainly
reflect the maturity of the field.

The remainder of this review is organised as follows. Section 3 summarises the main
soft-actuator technologies, while Sections 4-6 examine FDD, sensing, and intelligent control.
Section 7 presents a descriptive mapping of the reviewed literature. Section 8 discusses
research gaps and future directions, and Section 9 presents the conclusions.

2. Materials and Methods
2.1. Search Strategy and Protocol

This systematic review was reported in accordance with the PRISMA 2020 state-
ment [44]. Registration and protocol statement: The review methods were defined before
the literature search and study selection process; however, the protocol was not prospec-
tively registered. Following completion of the literature search, study selection, data
extraction, critical appraisal, and narrative synthesis, the methods and supporting ma-
terials were retrospectively registered in the OSF Registries on 21 July 2026 using the
Open-Ended Registration template [45]. This public, time-stamped record was created to
strengthen methodological transparency and should not be interpreted as a prospective
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preregistration. No major amendments to the predefined search strategy, eligibility criteria,
or synthesis approach were made after screening began.

The review protocol was defined prior to the literature search and covers publications
from January 2020 to June 2026, a window chosen to capture the period of most rapid de-
velopment in soft wearable actuation and data-driven rehabilitation control while ensuring
recency of the evidence base. Four publications predating 2020 were retained as seminal
methodological sources: a material-level study of self-healing soft pneumatics, the foun-
dational human-in-the-loop optimisation study, a soft-fault modelling study, and an early
full-body soft sensing/control study [46—49]. Their retention is reported as a predefined
exception to the principal date window rather than as an expansion of that window.

Searches were conducted across four electronic databases: Scopus, Web of Science
(WoS), IEEE Xplore, and PubMed /MEDLINE. Google Scholar was used as a supplemen-
tary source to identify articles not indexed in the primary databases. Searches were per-
formed in June 2026 using the following principal search string, adapted to the syntax of
each database:

Primary search string (Scopus/WoS):

TITLE-ABS-KEY (

(“soft actuator” OR “soft wearable” OR “soft exoskeleton” OR “soft exosuit”
OR “pneumatic actuator” OR “hydraulic actuator” OR “electroactive actuator”
OR “shape memory alloy” OR “dielectric elastomer” OR “tendon-driven”
OR “fabric actuator” OR “textile actuator”)
AND
(“rehabilitation” OR “motor assistance” OR “assistive device”
OR “wearable robot” OR “exoskeleton” OR “orthosis”)
AND
(“fault detection” OR “fault diagnosis” OR “fault tolerant” OR “leakage detection”
OR “anomaly detection” OR “EMG” OR “EEG” OR “intelligent control”
OR “machine learning” OR “deep learning” OR “adaptive control”
OR “bioinspired control” OR “reinforcement learning” OR “neural network”)

)

AND PUBYEAR > 2019

Targeted sub-searches were conducted for each of the three thematic pillars of the
review using focused strings for fault detection and diagnosis, sensing strategies, and
intelligent control, respectively. Supplementary hand-searching of the reference lists of all
included articles and of five high-impact review papers identified during screening was
performed to ensure completeness.

The preserved search log identified 1217 records in aggregate, 389 duplicates removed,
828 records screened, 185 reports sought, 173 full texts assessed, and 106 publications
included. Exact source-level result counts and complete interface-specific strings were
not archived for every database. Accordingly, Figure 1 reports only the verified aggregate
values and does not retrospectively allocate records to individual databases.
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Figure 1. PRISMA 2020 [44] flow diagram based on the preserved search log. Counts are reported at
the aggregate level because exact source-specific result totals were not archived for every database
and supplementary search route. Full-text exclusions comprised rigid systems without relevant
soft/compliant actuation (1 = 24), fabrication or material characterisation only (n = 18), outside
rehabilitation or motor assistance (1 = 14), abstract only or insufficient full text (n = 7), and not written
in English (n = 4). Adapted from the PRISMA 2020 flow diagram template under CC BY 4.0.

2.2. Inclusion and Exclusion Criteria

Articles were selected according to predefined criteria following the PICOS framework.

Population (P): Patients with locomotor impairments (post-stroke, spinal cord injury,
Parkinson’s disease, amyotrophic lateral sclerosis, or other neuromuscular conditions) or
healthy subjects evaluated in the context of assistive or rehabilitative motor tasks.
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Intervention (I): Soft wearable actuators, including pneumatic, hydraulic, shape mem-
ory alloy, dielectric elastomer, and tendon/cable-driven designs, integrated into wearable
rehabilitation or motor assistance devices.

Comparison (C): Comparisons with rigid exoskeletons, conventional rehabilitation
methods, or alternative soft actuator configurations, where reported.

Outcomes (O): At least one of the following: fault detection performance metrics
(detection rate, false alarm rate, time to detection); sensing system characterisation (band-
width, gauge factor, signal quality); control performance (tracking accuracy, metabolic cost
reduction, clinical outcome measures); or safety indicators.

Study design (S): Original research articles, systematic reviews, and narrative reviews
published in peer-reviewed journals or conference proceedings; experimental studies with
quantitative data; case studies with device-level evaluation.

Articles were excluded if they: (i) addressed exclusively rigid robotic systems and
offered no methodologically relevant FDD evidence for transferability to soft, human-
coupled actuation; (ii) described actuator fabrication or material characterisation without
any system-level control, sensing, or fault analysis; (iii) were conference abstracts without
associated full-text data; (iv) were duplicates of a more complete publication; or (v) were
not written in English.

Because methodological transferability was itself one of the review questions, a small
and explicitly labelled adjacent/indirect evidence subset was retained when the originating
platform was not soft or wearable but the study contributed a concrete FDD method relevant
to fault-aware soft-actuator design. Such records were not treated as direct evidence of
performance in soft wearable rehabilitation; they were appraised separately in Section 4.6
and Supplementary Table S1.

2.3. Study Selection Process

The selection process followed the four-stage PRISMA 2020 flow [44]. After removing
duplicates across databases, titles and abstracts were independently screened by two
reviewers against the eligibility criteria. Full texts were retrieved for all articles that passed
abstract screening and were assessed for final inclusion; disagreements were resolved by
consensus with a third reviewer. The PRISMA flow diagram is presented in Figure 1.

The verified flow counts were: 1217 records identified; 389 duplicates removed;
828 records screened; 643 records excluded at title/abstract screening; 185 reports sought;
12 not retrieved; 173 full-text reports assessed; 67 reports excluded after full-text assessment;
and 106 publications included.

2.4. Data Extraction

Data were extracted from each included article using a standardised form capturing;:
(i) publication metadata (authors, year, journal, DOI); (ii) actuator type (pneumatic, hy-
draulic, SMA, DEA, tendon-driven, hybrid); (iii) anatomical target (hand, wrist, elbow,
shoulder, ankle, knee, hip, or multi-joint); (iv) clinical population or user group; (v) primary
thematic pillar(s) addressed (FDD, sensing, control, or combination); (vi) key methods or
algorithms employed; (vii) performance metrics and quantitative outcomes reported; and
(viii) validation context (bench, simulation, healthy subjects, or patients).

2.5. Quality Assessment

Because the corpus included bench experiments, algorithm-development studies,
human-participant evaluations, clinical investigations, reviews, and normative documents,
a single design-specific risk-of-bias instrument was not appropriate for every record. Two
reviewers therefore used a structured critical appraisal focused on five domains: (1) direct
relevance to soft wearable actuation; (2) relevance to rehabilitation or motor assistance;
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(3) validation context, comprising simulation or bench testing, healthy participants, or
patients; (4) reproducibility of the actuator, sensing, and control methods; and (5) relevance
and completeness of the reported outcomes. Each domain was rated as adequate, partial,
or inadequate/not reported. Evidence was additionally classified as direct, adjacent, or
indirect for the claim being supported; normative standards were marked as not applicable
for methodological appraisal. Disagreements were resolved by consensus. Appraisal did
not determine eligibility because the objective was evidence mapping, but it governed the
strength of the language used in the synthesis. Results from rigid manipulators, underwater
thrusters, or general fault-diagnosis benchmarks were treated as transferability evidence
rather than proof of performance in soft wearable devices. The 106 source-level ratings and
verification status are reported in Supplementary Table S1; the operational definitions are in
Supplementary Table S2. The authors subsequently reviewed and confirmed the D4 classifi-
cations using the corrected evidence corpus and the information captured in the manuscript
extraction framework. The final D4 distribution comprised 33 publications rated as partial,
69 rated as inadequate/not reported, and four normative sources marked as not applicable;
no publication was upgraded to adequate without explicit methodological support in the
available evidence record. The source-level appraisal covers 106 of 108 references; the
PRISMA 2020 reporting statement [44] and the methodological precedent [45] are retained
as contextual references and are not included in the 106-row appraisal table.

2.6. Synthesis Approach

Marked heterogeneity in actuation principles, outcomes, and experimental settings
precluded meta-analysis. We therefore used narrative synthesis and descriptive evidence
mapping. Publications were grouped by thematic pillar and methodological family; counts
and proportions describe publication year, actuator type, anatomical target, sensing modal-
ity, control framework, population, and validation context. These summaries characterise
the composition of the literature and should not be interpreted as pooled estimates of
technical or clinical performance.

For reproducibility, the five-category mapping variable used in the descriptive synthe-
sis (FDD, sensing, intelligent control, background/design, and clinical) is distinguished
from the seven-category primary-appraisal domain reported in Supplementary Table S1
(actuator/device design, cross-domain review, FDD, sensing, control, clinical, and safety).
The variables serve different analytical purposes, and their category totals should not be
interpreted as interchangeable.

3. Soft Wearable Actuator Technologies: An Overview

Soft wearable actuators constitute a broad and heterogeneous family of devices united
by the common property of structural compliance. Unlike rigid robotic joints, soft actuators
deform continuously under applied loads, distributing forces over large contact areas
and accommodating the natural kinematic variability of the human body [6,8,9]. This
compliance is both the primary advantage of soft systems and the root cause of the fault
detection and control challenges examined in this review.

The following subsections describe the principal actuator technologies encountered
in the rehabilitation literature, organised by working principle. Table 1 provides a com-
parative summary of actuator types, key materials, typical rehabilitation applications, and
representative references. The fault detection, sensing, and control challenges specific to
each technology are introduced here and developed in detail in Sections 4—6.
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Table 1. Comparative overview of soft actuator technologies used in wearable rehabilitation devices.

. . . . ... Representative
Actuator Type Working Principle Key Materials Typical Applications References
Pressurised air inflates Hand rehabilitation
Soft Pneumatic elastomeric chambers, Silicone, PVC, gloves, ankle [12,13,22,34]
Actuator (SPA) producing bending, linear,  fabric composites exostuits, full-body A
or torsional motion exosuits
Incor.npres‘s1ble fluid B High-force grip
. provides higher force Silicone, ;
Hydraulic Soft densi assistance,
ensity and reduced polyurethane, [20,34]
Actuator s : underwater
compressibility compared  braided sleeves ey
. rehabilitation
to pneumatic
Phase transformation Compact finger
Shape Memory Alloy (martensite <+ austenite) on NiTi (Nitinol) wires P &
. . . orthoses, tremor [7,10,50]
(SMA) heating/cooling generates  or springs SUDPression
contraction force PP
. . High-voltage electric ﬁ?ld VHB acrylic, Lightweight assistive
Dielectric Elastomer = compresses elastomer film, . | .
Actuator (DEA) producing in-plane silicone films, gloves, wrist [15,16]
. carbon electrodes orthoses
expansion
Motors or pneumatic
.. Bowden cables, Dexterous hand
Tendon/Cable- actuators remotely transmit Dvneema fibres exosuits, hip,/ankle [51-53]
Driven Soft Actuator force via flexible tendons yn ! 1S, up
. textile sheaths exosuits
routed along the limb
Pressurised textile
. . . Shoulder exomuscles,
Textile/Fabric chambers or pneumatic Nylon, polyester, Jower-back support [54-57]
Actuator (PAM) artificial muscles woven TPU-coated fabrics Ppott

into garments

ankle exosuit

3.1. Soft Pneumatic Actuators

Soft pneumatic actuators (SPAs) are the most widely deployed technology in soft wear-
able rehabilitation systems [8]. In their most common form, SPAs consist of an elastomeric
or textile chamber that inflates under positive gauge pressure, producing a prescribed
bending, elongation, or torsional motion determined by geometric asymmetry or fibre
reinforcement [8,11]. Fibre-reinforced pneumatic actuators, in which inextensible fibres
wound helically or circumferentially around an elastomeric bladder constrain the inflation
geometry, are particularly prevalent in hand rehabilitation gloves and ankle exosuits, where
controlled bending moments are required [10,11].

Fabric-based SPAs replace monolithic elastomeric chambers with pneumatic pockets
sewn or bonded into textile substrates, yielding actuators that are thinner, lighter, and
more comfortable for prolonged wearable use [10,58-62]. Soft wearable systems studied
by O’'Neill et al. [63], Siviy et al. [64], and Proietti et al. [65] illustrate how textile or fabric-
based actuation can be integrated into garment-like devices for rehabilitation and assistance.
Chai et al. [9] provide a recent review of fabric-based pneumatic actuator designs and their
applications across flexible robotics and wearable assistance.

From a fault detection perspective, SPAs are predominantly subject to three fail-
ure modes: pneumatic leakage through membrane defects or fitting failures, material
fatigue leading to progressive stiffness reduction, and sudden rupture under excessive
pressure [15,16]. Because pressure is the primary control variable in most SPA systems,
leakage is particularly insidious: a small leak reduces the pressure attained at a given pump
output, causing the actuator to under-perform without triggering any immediate control
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alarm [15]. The gradual nature of leakage-induced degradation motivates the development
of model-based and data-driven fault detection methods discussed in Section 4.

3.2. Hydraulic Soft Actuators

Hydraulic soft actuators operate on the same chamber-inflation principle as SPAs
but use an incompressible liquid, typically water or a biocompatible saline solution, as
the working fluid [8,38]. The incompressibility of liquid media eliminates the energy
storage associated with gas compression, yielding faster dynamic responses and higher
force densities for a given actuator volume. These properties make hydraulic soft actuators
attractive for applications demanding precise force control, such as finger individualisation
in dexterous rehabilitation gloves.

The primary practical drawbacks of hydraulic systems for wearable applications are
the need for fluid containment under dynamic loading conditions, which introduces the
risk of leakage at seals and connections, and the increased mass of the fluid reservoir and
pump. Research into miniaturised hydraulic drives and self-contained fluidic circuits has
partially addressed these limitations [38], but hydraulic soft actuators remain less prevalent
in wearable rehabilitation than their pneumatic counterparts. Their fault signatures are
broadly similar to those of SPAs, leakage, delamination, and fitting failure, but the conse-
quences of fluid release differ in nature, potentially introducing slip hazards or hygiene
concerns in clinical environments.

3.3. Shape Memory Alloy Actuators

Shape memory alloy (SMA) actuators exploit the solid-state phase transformation
of nickel-titanium (Nitinol) alloys between a low-temperature martensitic phase and a
high-temperature austenitic phase [12]. When an SMA wire or spring is heated above the
transformation temperature, typically by resistive Joule heating, it contracts, recovering
a pre-programmed shape and exerting a substantial contraction force relative to its cross-
sectional area. Cooling allows the wire to be re-extended by an antagonist element (spring
or opposing SMA) for the return stroke.

SMA actuators are attractive for compact wearable devices because they are silent, re-
quire no pneumatic supply, and can be integrated into textile structures [12]. Shami et al. [12]
review SMA-based wearable rehabilitation systems and discuss their potential for applica-
tions such as tremor management. Thermal bandwidth, heat dissipation, fatigue-induced
plastic deformation, and drift in the transformation response remain important constraints.
These mechanisms differ from pneumatic leakage and require diagnostic models that cou-
ple electrical, thermal, and mechanical measurements rather than relying on current or
temperature thresholds alone.

3.4. Dielectric Elastomer Actuators

Dielectric elastomer actuators (DEAs) are electrically driven soft actuators in which a
thin elastomeric membrane is sandwiched between two compliant electrodes [13,14]. When
a high voltage (typically 1-10 kV) is applied across the electrodes, the resulting Maxwell
stress compresses the elastomer in the thickness direction and expands it in-plane. By
constraining the in-plane expansion in one direction, through pre-stretching or geometric
patterning, useful out-of-plane displacements or bending motions can be produced.

DEAs offer extremely low mass, silent operation, and the potential for self-sensing
(the capacitance of the DEA is directly related to its strain state), making them appealing
for wearable applications [14]. However, the high operating voltages required raise signif-
icant safety concerns for human-contact applications, and the thin elastomeric films are
susceptible to dielectric breakdown and electrode delamination, both of which can occur
abruptly and without warning [13]. These safety and reliability challenges have limited
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the clinical deployment of DEA-based wearable devices to date, though recent research on
low-voltage DEA designs and encapsulation strategies is beginning to address them [14].

3.5. Tendon- and Cable-Driven Soft Actuators

Tendon-driven soft actuators separate the actuating motor from the limb-mounted
mechanism, transmitting force via flexible cables or Bowden cable assemblies routed along
textile guides [33]. This approach allows the heavy and rigid motor-gearbox units to be
located remotely, at a waist pack, for example, while only lightweight cables and fabric
attachment points remain at the limb, preserving the low distal mass that is critical for user
comfort and biomechanical transparency [66,67].

Soft exosuits evaluated by Siviy et al. [64] and the textile shoulder exomuscle studied
by Georgarakis et al. [67] and Esser et al. [68] are representative wearable systems in which
compliant transmissions or textile structures deliver assistance while limiting distal mass.
Proietti et al. [66] further demonstrated that a multi-joint soft wearable could restore useful
arm function in individuals with amyotrophic lateral sclerosis. These studies support the
clinical potential of garment-like assistance, although their actuation and transmission
architectures should not be treated as interchangeable.

The primary fault modes in tendon-driven systems are cable fraying or rupture,
Bowden sheath kinking, and anchor point detachment, all of which cause sudden loss of
transmission force and can result in abrupt withdrawal of assistive torque. Detection of
these faults requires monitoring of cable tension and actuator-to-output force discrepancies,
as described in Section 4 [33].

3.6. Hybrid and Emerging Actuator Configurations

Recent developments have explored hybrid actuator configurations that combine
two or more working principles to exploit complementary advantages. Examples include
pneumatic actuators with SMA-based variable stiffness elements [69], textile actuators with
embedded DEA sensing layers [14], and fluidic soft actuators augmented with granular
jamming for variable stiffness control. Pan et al. [38] provide a broad overview of soft
actuator and robotic device combinations for rehabilitation and assistance, encompassing
several emerging hybrid configurations.

From the perspective of this review, hybrid actuators present compounded fault
detection challenges: each constituent actuation modality contributes its own characteristic
failure modes, and the interactions between subsystems may give rise to novel fault
signatures not anticipated by single-technology models. The data-driven and ensemble
learning approaches reviewed in Section 4 are particularly well suited to these complex,
multi-physics systems [16,43].

4. Fault Detection and Diagnosis in Soft Wearable Actuators

FDD comprises fault detection, isolation, and severity estimation. In a wearable
rehabilitation device, it supports immediate protective action and longer-term maintenance.
The evidence base is uneven. Supplementary Table S1 assigns nine of the 14 FDD records
to adjacent evidence and five to indirect evidence under the strict target-domain definition;
no record simultaneously combined a soft wearable rehabilitation platform, representative
human coupling, and a complete device-level FDD validation. Rabiei et al. [15] and
Duan et al. [16] provide the closest soft-actuator evidence at bench or platform level, while
Sun et al. [70] addresses a rehabilitation exoskeleton. The remaining studies concern
adjacent soft-robotic systems, rigid manipulators, or external actuator domains. This
section therefore separates demonstrated actuator-level results from methods that remain
candidates for transfer [15-18,31,40-43,46,48,70-73].
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Table 2 summarises the principal failure modes of soft wearable actuators, the ob-
servable effects of each fault, and their clinical safety implications. The following sub-
sections review the three main methodological families applied to FDD in soft wearable
systems: model-based methods, signal-processing approaches, and data-driven methods.
Figure 2 provides a schematic overview of the FDD pipeline for a generic soft wearable
actuator system.

Table 2. Principal failure modes of soft wearable actuators and their safety implications.

Failure Mode Actuator Type(s) Observable Effect Safety Implication Representative
References
Membrane SPA, Hydraulic Sudden pressure ¥oss, L.oss of support force; [67,70]
puncture/rupture collapse of actuation risk of fall
Under-assistance;
Pneumatic leakage Reduced pressure, fatigue-induced
SPA, Textile PAM position drift, increased [70,71,74]
(gradual) compensatory
compressor duty
movement
Material fa- rCe}élclilcCtiscElffrcfssk Unpredictable
) . SPA, DEA, Textile J kinematics; skin contact  [17,71]
tigue/delamination propagation,
. . hazard
asymmetric deformation
Tenc.lon Tendon-driven Sudder} lqss of Abrupt .dl-'op.m aSS}gtlve [51]
fraying/rupture transmission force torque; joint instability
. . Reduced stroke, Reduced therapy
SMA fat1gue/plast1c SMA increased hysteresis, efficacy; thermal burn [7,50]
deformation . .
thermal drift risk
Valve/fitting failure  SPA, Hydraulic Uncontrolled pressure Unsafe pressure surges [34,70]
release or flow blockage or loss of control
Electrode Reduced el.ectros.tahc . Electrical hazard; loss of
. DEA force, localised dielectric . . [15,16]
delamination assistive function
breakdown
Sensor Incorrect state Erroneous torque
drift/decalibration All types gstlma-t%on, control cc?mmands; user [41,46,71]
instability discomfort
1 Acquire 2 Pre-process 4 Diagnose 5 Respond
Pressure - strain Filter and normalise | Residual or Classify fault i Compensate
force - IMU extract diagnostic anomaly estimate location safe mode
biosignals features health estimate and severity controlled stop
‘— ~— ~—

Confirmed fault informs controller reconfiguration and subsequent monitoring

Figure 2. Fault detection and diagnosis workflow for a soft wearable actuator. Signals are ac-
quired and pre-processed before residual or anomaly generation, fault classification, severity esti-
mation, and a bounded protective response. Confirmed faults update subsequent monitoring and
controller configuration.

4.1. Model-Based Fault Detection Methods

Model-based FDD methods construct an analytical or physical model of the actuator
system and compare predicted outputs with measured signals to generate residuals. A
residual that remains small under nominal conditions but grows significantly in the pres-
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ence of a fault is used as a diagnostic indicator. These methods are well established in
classical control theory and have been applied to soft actuators with varying degrees of
adaptation to account for the nonlinear and hysteretic behaviour of compliant materials.

4.1.1. Observer-Based Methods

State observers, including Luenberger observers, extended Kalman filters (EKFs), and
sliding mode observers, estimate the internal states of the actuator system from available
measurements and generate residuals by comparing estimated and measured outputs.
Cao et al. [31] proposed an observer-based continuous adaptive sliding mode control
scheme for soft bending actuators, in which the observer simultaneously estimated external
disturbances and actuator state, demonstrating robustness to modelling uncertainty that is
characteristic of soft material behaviour. The same group [73] extended this approach to
model-based robust tracking control without classical state observers, relying instead on an
integral sliding surface to implicitly compensate for unmodelled dynamics.

Nguyen et al. [42] developed a third-order sliding-mode observer for a rigid robotic
manipulator, and Hagh et al. [40] studied active fault-tolerant control for manipulator
actuator faults. These studies establish observer and stability concepts, but they do not
validate transfer to soft wearable systems. Application in human-coupled soft actua-
tors would require online parameter adaptation, explicit representation of hysteresis and
pressure-deformation drift, and testing under user-generated disturbances that can resem-
ble fault residuals.

For lower limb rehabilitation exoskeletons equipped with soft or series-elastic actu-
ators, Sun et al. [70] proposed a sliding mode-based fault reconstruction scheme capable
of identifying both abrupt and incipient actuator faults, with demonstrated performance
on a lower-limb rehabilitation platform. Zhang et al. [71] applied prescribed-performance
sliding mode control to a series-elastic actuator-driven lower limb exoskeleton, incorporat-
ing adaptive compensation for actuator nonlinearity that implicitly provides robustness to
mild fault conditions.

4.1.2. Pressure and Flow Model-Based Approaches

Pressure- and flow-based residuals are a natural starting point for pneumatic actuators
because leakage changes the relation between supply input, chamber pressure, deformation,
and delivered force [8,15]. Rabiei et al. [15] evaluated fault-tolerant position control for
a leaking soft bending actuator. This provides direct actuator-level evidence, although
transfer to a wearable rehabilitation device still requires validation during movement,
variable external loading, and human interaction. We therefore do not infer a universal
detection threshold or clinical safety benefit from this single experimental setting.

The key challenge for pressure-model-based methods in soft actuators is that the
constitutive relationship between pressure and deformation is strongly nonlinear and
subject to significant manufacturing variability, temperature dependence, and fatigue-
induced drift [17,18]. Robust model-based FDD must therefore incorporate uncertainty
bounds sufficiently wide to avoid false alarms under nominal variability, while remaining
sensitive enough to detect real faults. This trade-off motivates the integration of model-
based methods with adaptive or data-driven components, as described in Section 4.3.

4.1.3. Self-Healing and Fault-Tolerant Material Approaches

A distinct strand of research addresses actuator fault tolerance at the material level
rather than the control level. Terryn et al. [46] demonstrated a self-healing soft pneumatic
actuator based on a Diels—Alder thermoset elastomer capable of autonomously repairing
puncture damage upon thermal activation. While this work predates the review win-
dow, it established the concept of intrinsic material-level fault recovery that has informed
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subsequent research [17]. Bonardd et al. [17] provide a comprehensive recent review of
self-healing soft robots, covering self-healing elastomers, hydrogels, and liquid metal
composites, as well as embedded sensing approaches that can detect damage and trigger
healing responses. Li et al. [72] complemented these material-level approaches with posi-
tion control strategies designed to maintain safe actuator behaviour in the presence of soft
material nonlinearities.

4.2. Signal-Processing-Based Fault Detection

Signal-processing-based FDD methods analyse time-series measurements, typically
pressure, flow, force, deformation, or acoustic emission signals, for features that indicate
departing from nominal behaviour, without requiring an explicit physical model of the
actuator. These methods are generally more computationally lightweight than model-based
approaches and more robust to modelling uncertainty, but they require a reference character-
isation of nominal signal behaviour and may be sensitive to operating-condition changes.

4.2.1. Statistical Process Control and Threshold Methods

The simplest signal-processing approach to FDD in soft actuators is threshold-based
monitoring: a pressure, flow, or position signal is compared against a predefined bound,
and a fault is declared if the signal remains outside the bound for a specified duration.
While straightforward to implement, pure threshold methods suffer from poor sensitivity
to gradual faults and high false alarm rates under variable operating conditions. Sta-
tistical process control (SPC) methods, including cumulative sum (CUSUM) charts and
exponentially weighted moving averages (EWMAs), improve on simple thresholds by accu-
mulating evidence of a distributional shift over time, achieving better detection sensitivity
for incipient faults at the cost of increased detection latency [41].

Lovett et al. [18] reviewed sensor technologies and control challenges in soft robotics,
noting that basic pressure monitoring with hysteresis-compensated thresholds remains the
most commonly deployed FDD strategy in commercial soft rehabilitation devices, despite
its recognised limitations. The review highlights the gap between academic FDD research
and clinical deployment, where simplicity and regulatory compliance often constrain the
sophistication of implemented methods.

4.2.2. Spectral and Time-Frequency Analysis

Spectral analysis methods decompose actuator signals in the frequency domain to
identify fault-specific frequency components or changes in spectral shape. In pneumatic
systems, leakage typically produces a characteristic increase in the high-frequency content
of pressure oscillations due to turbulent flow through the defect orifice, while material
fatigue manifests as a gradual reduction in the fundamental resonant frequency of the
pneumatic circuit [15,16]. Wavelet transforms and empirical mode decomposition have
been applied to separate fault-related transients from operating-condition-dependent back-
ground variations in soft actuator pressure signals, providing more robust fault indicators
than purely spectral methods under non-stationary conditions [16].

4.3. Data-Driven Fault Detection Methods

Data-driven FDD methods learn fault signatures directly from operational data, with-
out requiring an explicit physical model. The rapid growth of machine learning and
deep learning techniques has made data-driven approaches increasingly prominent in
the FDD literature across diverse engineered systems [41,43]. For soft wearable actua-
tors, data-driven methods are particularly attractive because the complex, nonlinear, and
history-dependent behaviour of soft materials is difficult to capture with analytical models
of tractable complexity.
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4.3.1. Classical Machine Learning Approaches

Classical classifiers can combine pressure, flow, deformation, and acoustic features.
Duan et al. [16] examined multimodal spatiotemporal features and ensemble learning for
faults in pneumatic soft actuators, providing direct evidence that complementary signals
can improve fault discrimination. The wearable setting adds substantial domain shift:
sensor placement, garment fit, user movement, and inter-device manufacturing variability
may all alter the feature distribution. External validation across devices and users is
therefore required before performance estimates can be generalised.

Nascimento and Valdenegro-Toro [48] used recurrent networks for soft-fault diagnosis
in underwater thrusters. The study is methodologically relevant because it addresses
gradual loss of performance, but the failure physics, loading environment, and safety
response differ fundamentally from those of pneumatic, textile, or tendon-driven wearables.
It is therefore cited as an example of a transferable modelling strategy, not as evidence that
recurrent-network FDD is effective in rehabilitation devices.

4.3.2. Deep Learning and CNN-LSTM Architectures

Convolutional neural networks (CNNs) applied to time-series data can automatically
extract hierarchical spatial features from raw actuator signals, bypassing the manual feature
engineering required by classical machine learning methods. Long short-term memory
(LSTM) networks capture temporal dependencies in sequential data, making them well
suited to the detection of gradually evolving faults in soft actuators. Hybrid CNN-LSTM
architectures combine both capabilities and have demonstrated state-of-the-art performance
in fault diagnosis benchmarks across multiple domains [43].

CNN-LSTM architectures can extract local signal patterns while retaining temporal
context, and they have performed well in general fault-diagnosis benchmarks [43]. Their
suitability for soft wearables remains uncertain because available datasets are small and
device-specific. Useful adaptations may include physics-informed features, uncertainty
calibration, transfer learning, and evaluation on data acquired from multiple actuator
batches and users.

Quamar and Nasir [41] reviewed Al, machine learning, and digital twin approaches
for fault diagnosis and fault-tolerant control in robotic manipulators, identifying several
architectural patterns, including physics-informed neural networks and attention-based
transformer models, that have not yet been applied to soft wearable actuators but offer
considerable promise, particularly for real-time FDD with limited training data.

4.3.3. Anomaly Detection and Unsupervised Methods

A significant practical limitation of supervised FDD methods, whether classical or
deep learning-based, is the requirement for labelled training data covering the fault con-
ditions of interest. For soft wearable rehabilitation devices, collecting labelled fault data
in clinical settings is challenging, both ethically (fault conditions may be unsafe for users)
and logistically (the diversity of fault types and severities is large). Unsupervised anomaly
detection methods, which learn a model of nominal behaviour and flag deviations without
requiring fault examples, are therefore particularly relevant.

Autoencoder-based anomaly detection, in which a neural network trained to recon-
struct nominal data generates large reconstruction errors for out-of-distribution (faulty)
inputs, has been applied to soft robotics monitoring [18]. One-class SVMs and isolation
forests offer computationally lighter alternatives for resource-constrained wearable con-
trollers. Alam et al. [75] reviewed neural network approaches for enhancing robot-assisted
rehabilitation, including unsupervised learning methods for operational state monitoring,
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and identified anomaly detection as an underexplored direction for improving the safety
and reliability of soft rehabilitation systems.

4.4. Fault-Tolerant Control Strategies

Fault detection alone is insufficient for safe operation; detected faults must be followed
by appropriate control responses. Fault-tolerant control (FTC) strategies for soft wearable
actuators fall into two categories: passive FTC, in which the control design provides
inherent robustness to a defined class of faults without requiring explicit detection; and
active FTC, in which fault detection triggers a reconfiguration of the control law [15,40].

Passive fault-tolerant approaches for soft actuators typically employ robust control for-
mulations, such as sliding mode or adaptive control, with disturbance bounds sufficiently
wide to accommodate anticipated fault-induced degradation [31,73]. While simple and
reliable, passive approaches necessarily sacrifice nominal performance to provide fault ro-
bustness, and they cannot accommodate faults that exceed the design disturbance bounds.

Active FTC changes the control response after a fault is detected. Rabiei et al. [15]
studied leakage compensation in a soft bending actuator, whereas Sun et al. [70] investi-
gated actuator fault reconstruction in a lower-limb rehabilitation exoskeleton. These studies
support the feasibility of reconfiguration, but neither establishes a general strategy for
soft wearable use. In a human-coupled device, compensation must be bounded so that an
attempt to preserve tracking does not increase pressure, force, or interface load beyond
safe limits.

For multi-actuator wearable systems assisting multiple joints, a fault in one actuator
may be partially compensated by redistribution of assistive torques among the remain-
ing functional actuators, an approach analogous to actuator redundancy management in
aerospace systems [40]. This strategy requires a supervisory fault management layer that
maintains a real-time model of system capability and adjusts the assistive torque alloca-
tion accordingly, a research direction that remains largely unexplored for soft wearable
rehabilitation devices.

4.5. Benchmarking and Standardisation Challenges

A persistent challenge in the FDD literature for soft wearable actuators is the lack of
standardised benchmarks and reporting conventions, which makes it difficult to compare
results across studies [18,41]. Published studies vary widely in the fault types investi-
gated, the actuator configurations used, the experimental conditions under which data are
collected, and the performance metrics reported. Key metrics such as time-to-detection,
minimum detectable fault amplitude, false alarm rate at clinically relevant thresholds, and
performance under simultaneous fault and user movement artefact are rarely all reported
in the same study.

The safety standards applicable to wearable rehabilitation devices, including ISO
13482 [76] for personal care robots, IEC 80601-2-78 [77] for medical rehabilitation robots,
and ISO/TR 23482-1 [78] for safety testing methods, do not currently specify FDD perfor-
mance requirements in quantitative terms, leaving validation methodologies largely to
the discretion of individual research groups. Establishing community consensus on FDD
benchmarking standards is identified in Section 8 as a priority research direction.

4.6. Transferability of FDD Methods to Soft, Human-Coupled Actuators

Transferability depends on whether the diagnostic signal is preserved when actuator
physics and operating conditions change. Pressure residuals and observer-based methods
are plausible for pneumatic wearables, but require adaptive baselines because temperature,
garment fit, user loading, and fatigue alter nominal dynamics. Threshold and statistical-
process methods are inexpensive to implement, yet voluntary movement may produce
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transients that resemble leakage or blockage. Supervised learning can represent nonlinear
signatures but is vulnerable to device and user domain shift. Unsupervised methods reduce
the need for labelled faults, although they must distinguish actuator degradation from
sensor displacement and changes in user effort.

Accordingly, a borrowed FDD method should be considered validated for soft wear-
able rehabilitation only after testing on the target actuator, during representative human
movement, across more than one device or manufacturing batch, and with reporting of
false alarms, detection latency, minimum detectable severity, and the safety consequence
of the control response. Until those conditions are met, external-domain studies support
methodological plausibility rather than clinical or device-level effectiveness.

5. Sensing Strategies for Soft Wearable Actuators

Effective sensing is a prerequisite for both fault detection and intelligent control in
soft wearable rehabilitation systems. The sensing requirements of soft actuators differ
fundamentally from those of rigid robotic systems: the large, continuous deformations
produced by soft actuators preclude the use of conventional rigid-body encoders, and
the intimate contact between device and human body demands sensors that are flexible,
lightweight, biocompatible, and robust to the complex loading conditions of physical
activity [18,23,24].

The sensing architecture of a soft wearable rehabilitation device encompasses three
complementary categories [26]: proprioceptive sensors, which measure the internal state of
the actuator; exteroceptive sensors, which measure interaction forces, kinematics, and envi-
ronmental conditions at the human—-device interface; and biosignal sensors, which acquire
physiological signals, primarily from the muscular and nervous systems, to infer the user’s
motor intent and effort. Table 3 provides a structured overview of the principal sensing
modalities in each category, with key performance parameters and representative refer-
ences. Figure 3 illustrates the integration of these three sensing layers in a representative
soft wearable rehabilitation system.

Table 3. Sensing modalities used in soft wearable rehabilitation actuator systems.

Sensing . . . Representative
Category Modality/Sensor Type =~ Measured Quantity Typical Performance References
Range: 0-300 kPa;
Pressure transducer Chamber pressure (kPa) accuracy +0.5% [34,70]
Resistive/capacitive Bending angle, elongation = GF: 2-10; bandwidth: [18,41]
. . strain gauge (flexible) (%) DC-100 Hz !
Proprioceptive Ontical fib Resolution 0.1°
(Actuator State) ptical fibre sensor . esolution: 0.1%;
(FBG, intensity-based) Curvature, bending angle immune to EMI [4146]
Pneumatic artificial Range: 0-50 mm;
muscle displacement Linear displacement (mm) linearity 2% [34,79]
sensor
Force/torque sensor Interaction forces and Resolution: 0.01 N; [59,80]
(6-DOF) torques (N, Nm) bandwidth: 0-500 Hz !
Exteroceptive Capacitive/resistive Contact pressure Spatial res.: 1-5 mm; [12,22]
(Interaction pressure array (tactile) distribution (kPa) temporal: 100 Hz ’
Forces) . .
IMU (accelerometer + Segment orientation, Drift: <2°/min;
gyroscope + angular velocity, [36,60]

magnetometer)

acceleration

update rate: 200 Hz
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Table 3. Cont.

i . . . R i
Sensing Modality/Sensor Type =~ Measured Quantity Typical Performance epresentative
Category References

Muscle activation Bandwidth: 10-500 Hz;
. .. 7 [42,48,81
Surface EMG (sEMG) amplitude and timing (1V)  SNR:20-40 dB [42,48,81]
.. EE 1 halog- ical ial B idth: 0.1-1

Biosignal (User o C};l (3 ectroencephalog (Co\;;aca motor potentials Haznccl}x:;l;dutl els(? 8_22(6)) [66,69]
Intent) phy H d :

fNIRs (functional Cortical haemodynamic Temporal res.: 100 ms;

near-infrared ! [69]

response spatial: 1-3 cm

spectroscopy)

SEMG + IMU fusion Intent. + kinematics Improved robustness [60,82]
Multimodal combined to artefacts
Fusion inical- i
( ) Pre§sure + force + EMG Full interaction state Chmcz';ll grade intent [80,83]

fusion detection

Proprioceptive Exteroceptive Biosignal
Pressure Force / torque SEMG
strain / deformation IMU kinematics EEG / BCI
self-sensing interface pressure physiological effort
Multimodal fusion
State estimation - intent recognition
uncertainty and sensor-health monitoring
v
Fault detection Intelligent control Clinical monitoring
Health state Assistance adaptation Dose and performance
protective response fault-aware control remote follow-up

Figure 3. Multimodal sensing architecture for soft wearable rehabilitation. Proprioceptive, extero-
ceptive, and biosignal measurements are fused for actuator-health estimation, adaptive control, and
clinical monitoring. Detailed sensor specifications are provided in Table 3.

5.1. Proprioceptive Sensing: Actuator State Monitoring

Proprioceptive sensors measure the internal state of the soft actuator, its deformation,
pressure, force output, and temperature, providing the feedback signal required for closed-
loop control and fault monitoring. The intrinsic softness and large deformability of soft
actuators make proprioceptive sensing a uniquely challenging engineering problem.

5.1.1. Pressure Sensing

Pressure transducers are the most widely deployed proprioceptive sensors in pneu-
matic and hydraulic soft actuators, measuring the supply or chamber pressure that is the
primary control variable in pressure-driven systems [8,15]. Modern miniaturised MEMS
pressure sensors achieve measurement ranges of 0-300 kPa, accuracies of +0.5% full scale,
and response times below 1 ms, making them well suited for real-time control loops [8]. In
the context of FDD, pressure signals are the primary input to model-based leakage detectors,
as described in Section 4.1.2. However, pressure alone cannot distinguish between different
deformation states of the actuator at the same pressure, a limitation that has driven interest
in complementary deformation sensing.
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5.1.2. Flexible Strain and Deformation Sensors

Flexible strain sensors measure the local deformation of the actuator body, providing
a direct estimate of bending angle or elongation that complements pressure-based state
estimation. The most widely used flexible strain sensing technologies in soft robotics are
resistive sensors based on conductive composites, carbon black or graphene embedded in
an elastomeric matrix, and capacitive sensors in which deformation changes the overlap
area or separation of flexible electrode pairs [23,25].

Igra et al. [25] demonstrated a flexible piezoresistive strain sensor fabricated by laser
scribing of graphene oxide on polydimethylsiloxane (PDMS), achieving a gauge factor
above 10, a measurement range of 0-50% strain, and hysteresis below 5% over 1000 cycles,
performance characteristics relevant to the repetitive loading cycles of rehabilitation exer-
cise. Wang et al. [23] reviewed soft polymer optical fibre sensors for elastomer deformation
sensing and wearable applications, highlighting their immunity to electromagnetic interfer-
ence and potential for integration into textile substrates as key advantages for wearable
rehabilitation systems.

Kang et al. [24] developed a soft bending actuator with integrated fibre-jamming vari-
able stiffness and fibre-optic proprioception, demonstrating that the embedded optical fibre
could simultaneously serve as a deformation sensor and a structural stiffness modulation
element. This dual functionality, actuation and sensing within the same fibre, is an example
of the morphological computation paradigm in which soft robots exploit their material and
structural properties to reduce sensor complexity.

5.1.3. Self-Sensing Actuation

Several soft actuator technologies offer inherent self-sensing capability in which the
same physical element performs both actuation and state measurement. DEAs exhibit
a capacitance that is directly related to the in-plane strain of the elastomeric membrane,
enabling capacitance measurement between actuation pulses to estimate actuator deforma-
tion [14]. SMA actuators exhibit an electrical resistance that varies with phase composition
and hence with contraction state, providing a self-sensing signal accessible via standard
current and voltage measurements [12]. For SPAs, Li et al. [72] demonstrated position sens-
ing based on the pressure—displacement model of the actuator, enabling position control
without dedicated deformation sensors in constrained wearable deployments.

5.2. Exteroceptive Sensing: Interaction and Kinematics

Exteroceptive sensors measure quantities at the interface between the soft wearable
device and the user’s body, or in the environment. For rehabilitation applications, the most
important exteroceptive measurements are interaction forces and torques, which determine
whether the device is providing the intended assistive effort without causing discomfort or
skin pressure injury, and limb kinematics, which characterise the user’s movement for gait
analysis, progress monitoring, and control.

5.2.1. Force and Torque Sensing

McCann et al. [84] developed an in-situ multi-axis torque measurement system for a
soft shoulder wearable robot, embedding custom strain gauge assemblies within the fabric
structure to measure the three-dimensional torques applied to the shoulder joint during
assistive tasks. This approach demonstrated that accurate force sensing could be achieved
within a soft wearable system without recourse to external measurement instruments, a
critical step towards closed-loop force control in ambulatory rehabilitation.

Proietti et al. [65] described the sensing and control architecture of a multi-joint
soft upper-limb exosuit for upper-limb assistance and rehabilitation, in which load cells
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embedded in the cable transmission measured the tension exerted by each actuated degree
of freedom, providing both control feedback and monitoring of asymmetric loading that
could indicate actuator fault or misalignment. O’Neill et al. [63] incorporated interaction
force sensing in a soft upper-limb wearable designed to reduce therapist fatigue during
stroke rehabilitation, demonstrating the clinical utility of real-time force monitoring for
both safety and therapy dose quantification.

5.2.2. Inertial Measurement Units

Inertial measurement units (IMUs), combining accelerometers, gyroscopes, and mag-
netometers, are widely used to estimate limb kinematics in wearable rehabilitation sys-
tems [49,85-87]. Their body-worn format is compatible with gait-phase detection and
locomotion-mode classification outside an optical motion-capture laboratory. In a soft
exosuit, however, sensor-to-segment motion and garment displacement must be considered
because the textile structure may move relative to the underlying anatomy.

Zhang et al. [85] demonstrated real-time locomotion mode detection from a single
IMU mounted on a soft exosuit, enabling automatic switching between walking, stair
ascent, stair descent, and sitting control modes with a classification accuracy above 95%
across ten subjects. Voisard et al. [86] evaluated automatic gait event detection from IMUs
in both healthy subjects and patients with moderate-to-severe gait impairments, reporting
that algorithms trained on healthy gait data showed significant performance degradation
on pathological gait, motivating the development of population-specific or adaptive gait
detection algorithms.

Prasanth et al. [87] systematically reviewed wearable-sensor methods for real-time gait
detection. Their synthesis shows that reported algorithms differ in sensor placement, event
definitions, participant populations, and validation protocols. These differences matter
when gait-event detectors are transferred to a soft exosuit, because garment motion and
compliant transmission can alter the relationship between segment kinematics and the
timing of delivered assistance.

5.2.3. Tactile and Distributed Pressure Sensing

Distributed pressure sensing arrays at the human—device interface provide spatially re-
solved maps of contact pressure that are important both for comfort monitoring, identifying
pressure concentrations that could cause skin injury during prolonged use, and for closed-
loop control of interaction forces. O'Neill et al. [10] integrated capacitive pressure sensing
elements within a textile pneumatic actuator to monitor the distribution of contact forces
applied to the forearm during upper-limb rehabilitation assistance, enabling detection of
interface misalignment that would otherwise produce localised pressure concentrations.

Ge et al. [11] incorporated flexible pressure sensors into the inner surface of a soft
assistive glove to monitor the contact forces between the glove and individual finger
segments during grasping tasks, using the sensor data to detect object contact and modulate
gripping force in real time. This approach, in which distributed tactile sensing drives closed-
loop grasping control, is representative of a broader trend towards sensor-rich soft wearable
devices in which sensing and actuation are co-designed as integrated systems.

5.3. Bio-Signal Sensing: Motor Intent Estimation

Biosignal sensing acquires physiological signals generated by the user’s neuromuscu-
lar system to infer motor intent, the desired movement that the wearable device should
assist or facilitate. Accurate, low-latency intent estimation is essential for the naturalness
and safety of the human-robot interaction: a device that responds after the intended move-
ment has begun provides assistance that is too late to be biomechanically effective, while
one that generates false intent detections may impose unexpected forces on the user [19,88].
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5.3.1. Surface Electromyography

Surface electromyography (sSEMG) measures the electrical activity generated by con-
tracting muscles through electrodes placed on the skin surface, providing a non-invasive
window into motor commands at the muscular level with latencies of 50-100 ms ahead of
the resulting movement [19,21]. sSEMG is the most widely used biosignal modality for intent
detection in wearable rehabilitation systems, with reported applications spanning hand
grasp intent [20], elbow flexion/extension [22], and lower limb locomotion mode [50,88].

Zhang et al. [19] provided a comprehensive review of sEMG-based motion inten-
tion recognition for exoskeleton robots, covering signal acquisition, feature extraction,
and classification methods [89] with particular attention to the challenges of electrode
placement variability, signal non-stationarity, and cross-session performance degradation.
Sul et al. [21] reviewed EMG signal acquisition, filtering, and data analysis methods specifi-
cally for exoskeleton development, providing practical guidance on electrode configuration,
amplification, and noise rejection for wearable deployment.

A significant challenge for sSEMG-based intent detection in rehabilitation populations
is the reduced signal quality arising from muscle weakness, spasticity, and co-contraction
patterns characteristic of neurological injury [20]. Molinaro et al. [50] demonstrated a task-
agnostic exoskeleton controller based on biological joint moment estimation from sEMG
that generalised across locomotion tasks without task-specific training, reporting successful
deployment in both healthy subjects and individuals with lower limb amputation. This
task-agnostic approach is particularly relevant for rehabilitation, where the task repertoire
changes over the course of therapy.

5.3.2. Electroencephalography and Brain-Computer Interfaces

Electroencephalography (EEG) measures cortical electrical activity through electrodes
placed on the scalp, providing a signal that precedes muscle activation and can detect
motor intent even in patients with severe muscle weakness or paralysis [22,51]. EEG-based
brain—computer interfaces (BCls) have been explored as control modalities for upper-limb
soft exoskeletons in patients with spinal cord injury and ALS, where sEMG signals may be
absent or insufficient for reliable intent detection.

Abdallah et al. [22] developed a hybrid EMG-EEG interface for robust intention
detection and fatigue-adaptive control of an elbow rehabilitation robot, demonstrating that
the combination of cortical and muscular signals outperformed either modality alone in
terms of classification accuracy and robustness to muscle fatigue, a common confound in
rehabilitation exercise sessions. Tang et al. [51] reviewed wearables-based motion intention
prediction methods spanning the full hierarchy of the human nervous system, from cortical
EEG through spinal cord potentials to peripheral nerve and muscle signals, identifying
multi-level neural sensing as a future direction for high-fidelity intent estimation.

5.3.3. Multi-Modal Sensor Fusion

The complementary strengths of individual sensing modalities—sEMG provides high
temporal resolution but is vulnerable to electrode shift and fatigue, IMUs provide robust
kinematic information but cannot directly measure muscular effort, and force sensors
measure interaction loads but not neural commands—motivate the integration of multiple
modalities through sensor fusion algorithms [83,88].

Li et al. [83] proposed a multi-sensor fusion-based mirror adaptive assist-as-needed
control strategy for a soft upper-limb exoskeleton that combined sEMG, force, and position
signals through a fuzzy logic fusion layer, adapting the level of assistance in real time
to the user’s effort and fatigue state. Wang et al. [88] reviewed the sensing and algorith-
mic landscape for locomotion intention detection in lower limb exoskeletons, identifying
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multimodal fusion, particularly sSEMG combined with IMU and ground reaction force
data, as the highest-performing approach for continuous locomotion mode classification in
ambulatory conditions.

Kim et al. [90] integrated soft wearable flexible bioelectronics with an ankle-foot
exoskeleton, combining metabolic cost estimation from wearable sensors with physical
effort quantification from integrated strain gauges to provide a comprehensive picture of
user state during exoskeleton-assisted walking. This multimodal physiological monitoring
approach exemplifies the convergence of sensing, actuation, and clinical assessment in
next-generation soft wearable rehabilitation systems.

6. Intelligent Control Frameworks for Soft Wearable Rehabilitation Devices

Control of soft wearable actuators must accommodate nonlinear material behaviour,
uncertain human-limb impedance, and changes across users and sessions. No single control
family resolves all of these constraints. The approaches identified in the literature are
therefore compared according to modelling burden, adaptability, sensing requirements, and
available validation rather than being ranked by isolated performance values [27,29,30,91].
Table 4 summarises the principal families.

Table 4. Intelligent control methods applied to soft wearable actuators for rehabilitation and motor

assistance.
Control Family Method Key Feature Actuator/Application Representative
References
PID/PID with Simple, real-time; requires  SPA hand glove, ankle [29,34]
feedforward accurate model exosuit !
Model Predictive Constraint handling, Knee rehabilitation
Model-Based Control (MPC) preview horizon exoskeleton [1,301
Impedance/admittance f[ranspa.rent human-robot Multi-joint soft exosuit [28,80]
control interaction
Sliding mode control Robustness to model Lower limb [19,91,92]
Robust/Sliding (SMCQ) uncertainty exoskeleton, SPA Y
M d . .
ode Adapt.lve SMC + Transient response SEA-driven lower limb  [92,93]
prescribed performance  guarantees
Adaptive control Online parameter update . .
Adati (MRAC, APPC) for nonlinear plant Soft exo-suit ankle, hip  [47,88]
aptive
P Iterative Learning Trial-to-trial performance  Hip and knee soft [29]
Control (ILC) improvement exoskeleton
Central Pattern Rhythmic gait generation, Lower limb [37]
o Generator (CPG) entrainment exoskeleton
Bioinspired - - —
CPG'+ impedance Smooth gait transitions + 1 it [90]
hybrid compliance
Supervised intent . o .
recognition (SVM, RE, Pre-tralr}ed classifier for Ankle/lower limb [14,82]
locomotion mode exoskeleton
DNN)
1]2/;(;}1111;8 Convolutional Neural Spatial feature extraction ~ Upper limb, hand [48,65]
& Network (CNN) from sEMG/IMU exosuit !
LSTM/Temporal CNN Sequ}e nt ial intent Multi-joint exoskeleton  [49,66]
prediction
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Table 4. Cont.
Control Family Method Key Feature Actuator/Application Representative
References
Deep RL (PPO, SAC, Reward-driven policy Lower limb, tremor
o . [31,38,39]
Reinforcement  DPDPG) optimisation suppression
Learning RL in simulation + Large-scale training .
sim-to-real transfer without patient data Full-body exosuit [43,72]
Bayesian/ Gaqssgn Pgrsonahsgd assistance Hip soft exosuit [27,73]
process optimisation with few trials
Human-in-the- Multi-sensor fusion
Loop . Mirror therapy + Upper limb soft
adaptive . . [83]
progressive assistance exoskeleton

assist-as-needed

6.1. Model-Based Control
6.1.1. Impedance and Admittance Control

Impedance control regulates the dynamic relationship between position and force at
the human-robot interface, allowing the wearable device to behave as a programmable
mechanical impedance, spring, damper, and inertia, rather than imposing a fixed position
or force trajectory [63,65]. This approach is particularly appropriate for rehabilitation
applications because it allows the level of assistance to be modulated continuously from
full guidance (low user effort required) to resistive training (high user effort required) by
adjusting the impedance parameters, supporting the assist-as-needed paradigm that is
central to evidence-based motor rehabilitation.

Proietti et al. [65] implemented impedance control in a multi-joint soft upper-limb
exosuit, demonstrating that transparent interaction, in which the device exerts minimal
forces when the user moves voluntarily, could be achieved despite the significant inertia and
friction of the tendon-driven actuation system by combining impedance control with cable
tension feedback. O’Neill et al. [63] applied admittance control to an inflatable soft upper-
limb wearable for stroke rehabilitation, demonstrating clinically significant reductions in
therapist physical effort during assisted reaching tasks without compromising the quality
of movement assistance provided to severely impaired patients.

6.1.2. Model Predictive Control

Model predictive control (MPC) solves an online optimisation problem at each control
step, selecting the control input that minimises a predicted cost over a finite time hori-
zon while satisfying actuator and safety constraints [1,30]. The ability to handle multiple
constraints explicitly, including joint range-of-motion limits, maximum interaction forces,
and actuator pressure bounds, makes MPC particularly attractive for soft wearable reha-
bilitation devices, where safe operation within patient-specific biomechanical envelopes
is essential.

Caulcrick et al. [30] developed a human-centred MPC framework for lower-limb
robotic assistance that incorporated a musculoskeletal representation of the user. Jammeli
et al. [29] proposed explicit MPC for a knee rehabilitation exoskeleton. Both studies
illustrate how constraints can be embedded in controller design, although their results
should not be generalised to soft wearable actuators without accounting for compliant
transmission dynamics and device-specific computational limits.
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6.2. Robust and Sliding Mode Control

Sliding mode control (SMC) drives the system state onto a designed sliding surface
and maintains it there despite bounded disturbances and parameter uncertainty, making
it inherently robust to the modelling errors that arise from soft material nonlinearity and
hysteresis [31,71]. The principal limitation of classical SMC, high-frequency chattering
due to discontinuous switching, has been addressed in soft actuator applications through
higher-order SMC formulations and boundary layer methods that smooth the switching
law at the cost of a small reduction in robustness.

Zhang et al. [71] applied prescribed-performance SMC to a series-elastic actuator-
driven lower limb exoskeleton, ensuring that tracking errors remained within predefined
time-varying bounds that tighten over the course of the rehabilitation session, a feature
with direct clinical relevance as it provides formal guarantees on the quality of movement
assistance. Hfaiedh et al. [54] combined reinforcement learning with sliding mode control
for a passive upper-limb exoskeleton, using RL to adapt the SMC gains online in response to
changing user biomechanics, demonstrating that the combination outperformed fixed-gain
SMC in tracking accuracy across subjects with varying arm impedance.

Hasan and Alam [94] described adaptive sliding-mode control for a lower-extremity
rehabilitation exoskeleton. Together with soft-actuator studies by Cao et al. [31,73], this
work illustrates the robustness of sliding-mode formulations to bounded uncertainty. The
remaining question is whether uncertainty bounds can represent fatigue, temperature drift,
garment fit, and user-generated perturbations without producing excessive conservatism
or chattering in a wearable system.

6.3. Adaptive and Iterative Learning Control

Adaptive control methods update their parameters online in response to measured
discrepancies between model predictions and actual system behaviour, accommodating the
slow time-varying changes in soft actuator characteristics due to material fatigue, tempera-
ture, and user biomechanical variability [28,95]. Model reference adaptive control (MRAC)
adjusts the controller gains to minimise the error between actual and reference model
outputs, while self-tuning regulators update an identified plant model and recompute the
optimal control law at each step.

Li et al. [28] developed human-in-the-loop adaptive control for a soft exosuit with ac-
tuator dynamics and ankle-impedance adaptation. Such online adjustment is well matched
to user variability, but clinical use requires safeguards on the rate and magnitude of
parameter change. High-level locomotion planning and CPG-based adaptation may com-
plement this approach [95], although these methods address gait generation rather than
actuator-fault accommodation.

Iterative learning control uses the repeated structure of rehabilitation exercises to
reduce systematic tracking error across trials. Chen et al. [74] applied ILC to a soft ex-
oskeleton assisting the hip and knee. The method is attractive for repetitive therapy, but
convergence reported for a specific device and task should not be interpreted as a general
clinical performance threshold.

6.4. Bioinspired Control: Central Pattern Generators

Central pattern generator (CPG) models are biologically inspired oscillator networks
that generate rhythmic motor commands analogous to those produced by spinal cord
neural circuits during locomotion [27,95]. In wearable rehabilitation, CPG controllers offer
several advantages: they generate smooth, continuous, and coordinated joint trajectories
without requiring a detailed biomechanical model; they can entrain to the user’s natural gait
frequency through sensory feedback, producing assistance that is inherently synchronised
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with the user’s movement; and they can modulate gait parameters, speed, step length, and
cadence, through high-level inputs without requiring trajectory replanning.

Duan et al. [95] implemented a CPG-based gait generation strategy for a lower limb
exoskeleton, demonstrating that the oscillator network could generate physiologically
realistic joint trajectories for walking, jogging, and stair climbing [96] by adjusting a small
number of high-level parameters, and that entrainment to sensor-measured heel-strike
events reduced gait phase error to below 5% of the gait cycle. Baud et al. [91] reviewed
control strategies for lower-limb gait assistance exoskeletons, including CPG-based ap-
proaches, identifying bioinspired methods as particularly promising for their ability to
generate natural inter-joint coordination without explicit trajectory specification.

6.5. Machine Learning-Based Control
6.5.1. Supervised Learning for Intent Recognition and Motion Control

Supervised machine learning classifiers trained on labelled sEMG, IMU, and force
data have been extensively applied to locomotion mode recognition and motion intent
classification for exoskeleton control [88,97]. Support vector machines, random forests, and,
increasingly, deep neural networks trained on features extracted from multi-channel sSEMG
signals have achieved locomotion mode classification accuracies above 95% in controlled
laboratory conditions [80].

Zaim et al. [20] reviewed machine learning and deep learning-based myoelectric
control systems for upper limb rehabilitation, comprehensively comparing classical feature
extraction with end-to-end deep learning approaches across multiple signal modalities
including sSEMG and EEG. The review identified convolutional architectures as the current
best-performing approach for sEMG-based intent classification, while noting that cross-
session and cross-subject generalisations remain significant open challenges for clinical
deployment. Velez-Guerrero et al. [97] surveyed Al-based wearable robotic exoskeletons for
upper limb rehabilitation, documenting the rapid transition from rule-based to data-driven
control strategies that occurred between 2015 and 2021.

Molinaro et al. [50] achieved a particularly significant advance with a task-agnostic
exoskeleton controller based on biological joint moment estimation from sEMG, which
required no task-specific training and generalised across walking, stair climbing, and load-
carrying conditions in both able-bodied subjects and lower-limb amputees. The biological
joint moment estimation approach, in which a neural network maps sEMG features directly
to joint moment, bypassing explicit task classification, represents a paradigm shift from
discrete mode-switching to continuous biomechanical assistance that aligns more closely
with natural human motor control.

6.5.2. Recurrent and Temporal Neural Networks

Recurrent neural networks, including LSTM and gated recurrent unit (GRU) archi-
tectures, capture temporal dependencies in sequential sensor data that are missed by
frame-based classifiers operating on fixed-length windows [22,80]. In the context of soft
wearable control, LSTM-based intent predictors have been applied to anticipatory control,
predicting the intended movement before it begins from pre-movement neural or kinematic
cues, allowing the exosuit to begin providing assistance with minimal perceptible delay.

Abdallah et al. [22] demonstrated that a hybrid EMG-EEG LSTM controller for elbow
rehabilitation could detect movement intent from EEG motor imagery signals 200-350 ms
before electromyographic activity onset, enabling the exoskeleton to initiate assistive
forces synchronously with the voluntary movement command rather than reactively.
Harris et al. [80] reviewed Al-based methodologies for exoskeleton-assisted lower limb
rehabilitation, identifying recurrent architectures as particularly promising for continu-
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ous gait control in patients with irregular or variable gait patterns where fixed-template
controllers fail.

6.6. Reinforcement Learning for Soft Wearable Control

Reinforcement learning (RL) trains a control policy by maximising a cumulative
reward signal through interaction with the environment, without requiring an explicit
model of the system dynamics [52,53]. For soft wearable rehabilitation systems, RL offers
the prospect of automatic policy optimisation that adapts to individual biomechanical
variability and learns to minimise metabolic cost or maximise task performance without
requiring manual tuning of control parameters, a compelling advantage given the large
inter-individual variability in rehabilitation populations.

Luo et al. [52] developed deep-reinforcement-learning control for a lower-limb reha-
bilitation exoskeleton coupled to a musculoskeletal model. A later study demonstrated
experiment-free exoskeleton assistance trained in simulation [98]. These results show the
potential of simulation-based policy development, while also sharpening the need for
independent safety validation, uncertainty testing, and explicit evaluation under actuator
degradation before transfer to unsupervised rehabilitation.

Endrei et al. [53] applied deep RL to tremor suppression with a soft exoskeleton
for Parkinson’s disease patients, training a policy that learned to apply counter-phase
assistive forces to attenuate pathological tremor while preserving voluntary movement, a
challenging control problem that requires distinguishing between tremor and intentional
motion in real time. Hfaiedh et al. [54] combined RL with sliding mode control for a passive
upper-limb exoskeleton, using RL to adapt the SMC gains online and demonstrating
improved robustness to parameter uncertainty compared to fixed-gain designs.

Huang et al. [55] proposed model-free reinforcement learning combined with dynamic
movement primitives for adaptive lower-limb exoskeleton control. Gao et al. [56] examined
autonomous motion and control in a lower-limb rehabilitation robot, while Wong Sang and
Narayan [57] integrated reinforcement learning with finite-time sliding-mode control in
a human-in-the-loop paediatric gait framework. Collectively, these studies illustrate the
breadth of learning-based control, but device architecture, participant context, and safety
validation determine whether their findings can be transferred to a soft wearable system.

6.7. Human-in-the-Loop Optimisation and Personalisation

Human-in-the-loop (HiTL) optimisation frameworks treat the user as part of the
control loop and update assistive parameters from measured performance or physiological
state [47,99]. These approaches are particularly relevant to soft wearable rehabilitation,
where the most useful assistance profile varies between users and may change as motor
function evolves. Their interpretation nevertheless depends on the optimisation objective,
evaluation duration, participant population, and whether safety constraints were tested
outside the calibration task.

Slade et al. [99] demonstrated real-world personalisation of exoskeleton assistance
during walking using Bayesian optimisation of the assistive torque profile, achieving
individual-specific metabolic cost reductions of 15-24% in community walking conditions
without requiring laboratory calibration. Ding et al. [47] established the HiTL optimisation
paradigm for soft exosuit control, using gradient-free optimisation of hip assistive timing
parameters to minimise measured metabolic rate in real time, a seminal study that demon-
strated the feasibility and clinical relevance of automated parameter personalisation [100].

Li et al. [83] extended HiTL concepts to upper-limb rehabilitation with a multi-sensor
fusion-based mirror adaptive assist-as-needed control strategy, in which the level of robotic
assistance was continuously modulated in response to the user’s effort, estimated from
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sEMG, to maintain the user at the desired therapeutic challenge level throughout the
exercise session. Kokubu et al. [101] derived design rules for personalisation of soft rehabili-
tation gloves from a systematic study of inter-individual variability in hand anthropometry
and grasping kinematics, providing a principled basis for the customisation of soft wearable
hand rehabilitation devices to individual users.

6.8. Integration of Control and Fault-Tolerant Operation

The integration of intelligent control with fault detection and diagnosis, discussed in
Section 4, is a nascent but critical research direction for soft wearable rehabilitation systems.
Current practice largely treats FDD and control as separate subsystems: the FDD layer
monitors actuator health and declares fault conditions, triggering a switch to a pre-designed
safe mode, while the intelligent control layer operates under the assumption of nominal
actuator behaviour [15,40].

Closer integration is possible if the controller maintains an estimate of actuator
health and degrades assistance continuously as confidence falls [15,31,70,73]. Current
rehabilitation-control reviews discuss adaptive and intelligent control in detail, but ex-
plicit fault accommodation remains uncommon [3,27,91]. This absence is more actionable
than the limited number of large clinical trials: controller and FDD architectures can be
co-designed now, even while the broader technology continues to mature.

Neural-network methods may support shared representations for state estimation,
anomaly detection, and control [75]. At present, however, this remains a research proposi-
tion rather than a clinically validated architecture. Future studies should report whether
joint learning improves detection robustness without allowing controller objectives to
suppress or obscure emerging fault signals.

7. Descriptive Mapping of the Reviewed Literature

This section describes the composition of the mapped literature using counts and pro-
portions. The mapping covers publication year, actuator technology, anatomical target, the-
matic pillar, population, and validation setting. These distributions identify concentrations
of research activity; they are not pooled performance metrics or comparative-effectiveness
estimates. Table 5 summarises the authors’ descriptive classification dataset, while Sup-
plementary Tables S1 and S2 provide source-level appraisal and explicitly distinguish
empirical publications from normative context.

Table 5. Descriptive mapping of the literature included in the review (2020-2026). Counts describe
the authors’ classification dataset and do not represent pooled performance estimates.

Category Sub-Category N Articles % of Total
2020 13 12.3%
2021 16 15.1%
2022 15 14.2%

Publication year 2023 18 17.0%
2024 14 13.2%
2025-2026 26 24.5%
Pre-2020 (seminal) 4 3.8%
Soft pneumatic (SPA /fabric) 52 49.1%
Tendon/cable-driven 21 19.8%
Shape memory alloy 8 7.5%

Actuator type Dielectric elastomer 6 5.7%
Hydraulic soft 5 4.7%
Hybrid /multi-technology 14 13.2%
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Table 5. Cont.

Category Sub-Category N Articles % of Total
Hand/finger 28 26.4%
Ankle/foot 22 20.8%
Knee 12 11.3%
Anatomical target Hip 11 10.4%
Elbow /upper limb multi-joint 18 17.0%
Shoulder 7 6.6%
Full-body/trunk 8 7.5%
Fault detection & diagnosis 14 13.2%
Sensing strategies 27 25.5%
Primary thematic pillar Intelligent control 38 35.8%
Background/design review 18 17.0%
Clinical application 9 8.5%
Stroke 24 22.6%
Spinal cord injury 10 9.4%
Clinical population ALS/neuromuscular disease 6 5.7%
Parkinson’s disease/tremor 5 4.7%
Healthy subjects (validation only) 41 38.7%
Mixed /not specified 20 18.9%
Bench/simulation only 31 29.2%
Validation context Healthy human subjects 47 44.3%
Patient/clinical 28 26.4%

7.1. Temporal Distribution of Publications

The temporal distribution in Figure 4 reveals a consistent and accelerating growth
in research output on soft wearable actuators for rehabilitation over the review period.
Publications from 2020 and 2021 account for 27.4% of the corpus (n = 29), reflecting the
already substantial activity in the field at the start of the review window. The rate of
publication increased progressively through 2022 and 2023, with 2023 representing the
peak year of the 2020-2024 period (n = 18, 17.0%). The 2025-2026 segment, covering only
18 months of the review window;, already accounts for 24.5% of all included articles (1 = 26),
indicating an acceleration of research activity that is consistent with broader trends in soft
robotics and rehabilitation technology [6,8].

FDD Intelligent control Clinical application

Sensing Background / design n =26
25
4
20 - 4
§ n=18
£ n=16
© n=15 3
5 15 - n=14
m n=13 3 9
Q 3 2
£ 6
2 3
Z 10~ 5
5 5
< 5
5
5
5 4 4
4
4
B 2 J 2
0- i i i i i i
2020 2021 2022 2023 2024 2025-2026

Figure 4. Annual distribution of the mapped publications by thematic pillar. Values are article counts;
the chart describes research activity and not comparative performance.
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The temporal growth is particularly pronounced in the intelligent control pillar, where
deep reinforcement learning and simulation-based training approaches emerged as domi-
nant themes in 2023-2025 [52,53,98]. The fault detection and diagnosis pillar, by contrast,
shows a more modest growth trajectory, with the majority of FDD-specific publications
concentrated in 2024-2025 [15,16,70]. This asymmetry, rapid growth in intelligent control
relative to FDD, reflects the research gap identified in the present review and corroborates
the abstract finding that fault-tolerant sensing and data-driven control remain underex-
plored relative to control performance optimisation.

7.2. Distribution by Actuator Technology

Soft pneumatic actuators, including both monolithic elastomeric and fabric-based
designs, account for the largest share of included articles (49.1%, n = 52), consistent with
their status as the most mature and widely deployed soft actuation technology in reha-
bilitation [8,9]. Tendon and cable-driven systems represent the second most prevalent
category (19.8%, n = 21), reflecting the growing adoption of soft exosuit architectures based
on Bowden cable transmission [66,67].

Figure 5 shows that shape memory alloy actuators (7.5%, n = 8) and dielectric elas-
tomers (5.7%, n = 6) are substantially underrepresented relative to their potential, a finding
consistent with the known barriers to clinical deployment of these technologies, thermal
management challenges for SMAs and high-voltage safety concerns for DEAs [12,13]. Hy-
draulic soft actuators account for only 4.7% of included articles (n = 5), representing a
particularly notable gap given the force density and control bandwidth advantages of
hydraulic systems [38]. Hybrid and multi-technology configurations, while representing
13.2% of the corpus (n = 14), are growing rapidly in the 2024-2026 segment, suggesting
increasing research interest in combining complementary actuation principles [14,69].

(a) Actuator technology (b) Anatomical target
Soft pneumatic 4 52 (49.1%) Hand / finger § 28 (26.4%)
Ankle / foot 4 22 (20.8%)
Tendon / cable 21 (19.8%)
Upper limb multi-joint 4 18 (17.0%)
Hybrid 4 14 (13.2%)
Knee 4 12 (11.3%)
SMA 8 (7.5%)
Hip 1 11 (10.4%)
DEA 6 (5.7%)
Full body / trunk 4 8 (7.5%)
Hydraulic 4 5(4.7%) Shoulder 1 7 (6.6%)
0 10 20 30 40 50 60 0 5 0 15 20 25 30
Number of articles Number of articles

Figure 5. Distribution of the 106 mapped publications by (a) actuator technology and (b) anatomical
target. Counts and percentages are based on the authors’ classification dataset.

7.3. Distribution by Anatomical Target

Hand and finger rehabilitation constitutes the most studied anatomical application
(26.4%, n = 28), driven by the large clinical need in post-stroke hand rehabilitation and
the relative tractability of soft glove design [79,92,93,102]. Ankle and foot assistance is the
second most prevalent target (20.8%, n = 22), reflecting the importance of ankle push-off
power in gait rehabilitation and the availability of validated outcome measures for ankle
exosuit evaluation [64,85].
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Upper-limb multi-joint systems encompassing elbow and shoulder assistance account
for 17.0% of the authors’ classification dataset (1 = 18), a category that includes soft wear-
ables evaluated for ALS, neurological impairment, and spinal cord injury [66-68,103]. Knee
and hip targets are comparably represented, while full-body and trunk systems form a
smaller group. Device studies of hip assistance [104] and lower-back support [105] show
that these less represented anatomical targets are technically feasible, although the strength
of rehabilitation evidence varies between applications.

7.4. Distribution by Thematic Pillar

The intelligent control pillar accounts for the largest share of the authors” descriptive
classification dataset (35.8%, 1 = 38), reflecting sustained activity in control algorithms for
wearable assistance [27]. Sensing strategies constitute the second pillar by article count
(25.5%, n = 27), encompassing the proprioceptive, exteroceptive, and biosignal modalities
reviewed in Section 5 [19,88]. These frequencies describe research emphasis rather than the
comparative maturity or effectiveness of either pillar.

Background and design review articles (17.0%, n = 18) provide the technological
context for the three main pillars. Clinical application articles, those reporting outcome data
from patient studies, account for 8.5% of the corpus (n = 9), a proportion that underscores
the predominantly pre-clinical character of the current research landscape.

FDD is the smallest thematic pillar in the authors” descriptive dataset (13.2%, n = 14).
The stricter source-level appraisal in Supplementary Table S1 classified nine FDD records
as adjacent and five as indirect. Rabiei et al. [15] and Duan et al. [16] studied faults in
soft actuators, but not complete validation during representative wearable rehabilitation;
Sun et al. [70] studied a rehabilitation exoskeleton whose architecture is adjacent to, rather
than identical to, the target soft-wearable setting. Other records concerned rigid manipula-
tors [40,42], general fault-diagnosis methods [41,43], or soft-robotic platforms without the
full human-coupled rehabilitation context [17,18,31,46,72,73]. These studies identify candi-
date methods, but they cannot establish diagnostic accuracy, safety benefit, or transferability
in soft wearable rehabilitation.

7.5. Clinical Populations and Validation Contexts

Stroke is the most frequently represented clinical condition in the descriptive dataset,
with evidence spanning controlled evaluation, soft-glove assistance, and home-oriented
rehabilitation [81,92,106]. Spinal cord injury, ALS and other neuromuscular diseases,
and Parkinsonian tremor are represented by smaller but clinically important bodies of
literature. These frequencies describe where studies have been conducted; they should
not be interpreted as comparative treatment effects or as evidence that less represented
populations are unsuitable for soft wearable intervention.

Healthy-participant validation accounted for 38.7% of the corpus, while 18.9% in-
volved mixed or unspecified populations. Patient-level validation was reported in 26.4% of
the included publications. This distribution is consistent with an emerging technology field
and should not, by itself, be interpreted as deficient research practice. It does, however, limit
the certainty of claims about clinical effectiveness and long-term usability [1,79,92,93,106].

As shown in Figure 6, validation settings comprised healthy-participant experiments
(44.3%, n = 47), patient or clinical studies (26.4%, n = 28), and bench or simulation studies
(29.2%, n = 31). Designs and outcomes varied markedly. We therefore report these cate-
gories as indicators of evidence maturity and refrain from presenting a pooled sample-size
estimate or a general statement about clinical efficacy without a verified study-level dataset.
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Figure 6. Clinical population and validation context distributions: (Left) clinical population;
(Right) validation context. Patient-level validation: n = 28 (26.4%); totals may differ from 100%
due to rounding.

7.6. Critical Appraisal and Confidence in the Evidence

Supplementary Table S1 contains 106 unique source records reconstructed from the
original bibliography. Forty were classified as direct evidence for the broad review scope,
57 as adjacent, five as indirect, and four as normative context. This distribution supports
greater confidence in statements that describe the existence or technical feasibility of soft-
wearable sensing, actuation, and control than in claims of comparative performance or
clinical effectiveness. The FDD subset warrants the greatest caution: all 14 records were
adjacent or indirect under the strict target-domain definition. Accordingly, Sections 4 and 8
use external-domain FDD studies to explain methodological plausibility and transfer con-
ditions, not to claim validated performance in a soft, human-coupled rehabilitation device.
The four standards inform safety and risk-management context but are not treated as
empirical evidence. Following author verification, D4 comprised 33 partial and 69 in-
adequate/not reported ratings, with four normative sources marked as not applicable.
This conservative distribution indicates that reproducibility is constrained chiefly by in-
complete methodological reporting and therefore limits the strength of comparative and
translational claims.

8. Discussion and Future Research Directions

The literature shows rapid development in actuator design, sensing, and control,
but the identified limitations do not have equal implications. Some are maturity-driven:
small samples, single-session evaluations, and a predominance of healthy-participant
studies are common during early device development and should be described without
implying avoidable methodological failure. Other gaps reflect choices that can be addressed
immediately. These include the imbalance between control and FDD research, reliance on
models that do not represent soft-material variability, weak integration between health
monitoring and control, and the absence of shared FDD benchmarks. Table 6 separates
these categories and prioritises the latter group.

Table 6. Identified research gaps, current limitations, recommended directions, and priorities.

Research Gap Current Limitation Recommended Direction Priority
FDD and control designed Unified fault-aware control
Integrated FDD + control ~ independently; discrete architectures; continuous High

mode-switching degradation compensation
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Table 6. Cont.

Research Gap Current Limitation Recommended Direction Priority
S . FDD validated on bench or healthy FbD evaluatlon'w1th Stljoke’ .
FDD in clinical populations subiects onlv: no patient data SCI, and PD patients; clinically =~ High
) y-nop relevant fault thresholds
Standardised FDD No consensus on metrics, fault Commumty bethmark dataset; .
reporting checklist for FDD High
benchmarks types, or test protocols
papers
o Most sensing validated in lab; Long-duration ambulatory
Sensing in home s ) . .
) real-world variability studies; drift-compensation for ~ High
environments
underexplored wearable sensors
. . Cross-session and cross-subject Domain adaptation and transfer
Transfer learning for intent o o . .
e generalisation poor; retraining learning for sSEMG/EEG control; Medium
recognition . .
required few-shot personalisation
RL policies validated in Safe RL with formal constraint
RL safety in rehabilitation =~ simulation; sim-to-real gap and satisfaction; Lyapunov-based Medium
safety constraints underexplored  safety certificates
N FDD methods specific to
. Underrepresented in literature vs. . .
Hydraulic soft actuators . hydraulic systems; seal and Medium
pneumatic; FDD underdeveloped 1 g o
fluid integrity monitoring
Reeulatory and ISO/IEC standards do not specify =~ Engagement with standards
5 ya quantitative FDD performance bodies; evidence base for FDD  Medium
standardisation

requirements

performance thresholds

Self-healing integration
with control

Self-healing materials
demonstrated in isolation; no
integration with FDD/ control

Self-healing actuators with
embedded damage detection
and healing-state estimation

Low-Medium

Paediatric and geriatric
populations

Most studies on adults;
age-specific biomechanics
underexplored

Device design and control
adaptation for paediatric gait
and geriatric frailty

Low-Medium

8.1. The FDD Gap: Safety-Critical but Underinvested

The clearest structural imbalance is the limited attention given to FDD relative to in-

telligent control (13.2% versus 35.8% of the mapped corpus). More importantly, most FDD
evidence is indirect. This does not show that current wearable devices are unsafe; rather, it
shows that the published literature provides insufficient device-specific evidence to quantify
fault-detection performance during soft, human-coupled operation [15,16,18,40-42,46,48,70].

Borrowed methods differ in their likely transferability. Observer-based approaches
can be computationally efficient, but their residuals are vulnerable to hysteresis, tempera-
ture, fatigue, and manufacturing variation [17,31,73]. Supervised classifiers can represent
nonlinear fault signatures, yet require labelled and externally validated datasets [16,43].
Unsupervised anomaly detection reduces dependence on fault labels but may confuse
user variability, sensor shift, or task transitions with actuator degradation [18,75]. These
trade-offs should be tested rather than assumed.

We identify three priority directions for FDD research: First, the development of
population-specific fault detection benchmarks using data collected from wearable devices
during rehabilitation exercise in patient populations, the operating conditions that mat-
ter clinically. Second, the development of unsupervised and semi-supervised anomaly
detection methods that can learn a model of nominal device behaviour from unlabelled
operational data, eliminating the need for labelled fault examples that are difficult and
ethically problematic to collect in clinical settings [75]. Third, the integration of self-healing
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material strategies [17,46] with embedded FDD, creating actuators that can detect, quan-
tify, and autonomously repair damage, represents a long-term but high-impact research
direction that has received minimal attention to date.

8.2. Towards Integrated Fault-Aware Intelligent Control

The current practice of designing FDD and intelligent control as separate subsystems,
with FDD triggering discrete mode-switching to a pre-designed safe mode upon fault
detection, is a pragmatic but suboptimal architecture [15,40]. Discrete mode-switching
introduces discontinuities in the assistive force profile that are biomechanically disruptive
and potentially uncomfortable for the user; it also places a high burden on the FDD
threshold, since any threshold setting is simultaneously too sensitive (causing false alarms
that trigger unnecessary mode switches) and too insensitive (allowing faults to progress
before detection) [41].

A more principled approach is fault-aware control, in which the control policy main-
tains a probabilistic estimate of actuator health state and modulates assistive parameters
continuously in response to this estimate, providing graceful performance degradation
rather than abrupt mode switching [31,73]. Approaches from the robust control and stochas-
tic control literature, including tube MPC with state uncertainty, risk-sensitive optimal
control, and chance-constrained programming, provide formal frameworks for this integra-
tion that have not yet been applied to soft wearable systems. The parallel development
of physics-informed neural networks and Bayesian deep learning methods that provide
calibrated uncertainty estimates alongside control outputs [41] offers a promising pathway
towards data-driven fault-aware control architectures.

For reinforcement learning-based controllers, the integration of fault tolerance requires
extending the reward function and safety constraints to account for actuator degradation.
Safe RL methods that provide formal guarantees on constraint satisfaction during both
training and deployment [52,57] are particularly relevant here, as they can be adapted to
treat actuator fault conditions as safety constraint violations to be avoided rather than
disturbances to be compensated post-hoc.

8.3. Sensing: From Laboratory to Clinical Deployment

The sensing technologies reviewed in Section 5 demonstrate impressive laboratory
performance, flexible strain sensors with gauge factors above 10, optical fibre systems
immune to electromagnetic interference, and sEMG classifiers with intent recognition accu-
racies above 95%, yet the translation of these capabilities to real-world clinical performance
remains challenging [18,23].

The primary barriers to clinical sensing deployment are sensor drift and recalibration
requirements, electrode—skin interface variability for biosignal sensing, and the difficulty of
maintaining consistent sensor-to-skin contact during the large deformations associated with
soft actuator operation [19,21]. Long-duration studies investigating sensor performance
over multi-week rehabilitation programmes, rather than the single-session experiments
that dominate the current literature, are needed to characterise drift rates and establish
recalibration protocols compatible with clinical workflows [86,87].

For biosignal-based intent recognition, the cross-session and cross-subject generalisa-
tion problem is the most significant barrier to clinical deployment [20]. Transfer learning
and domain adaptation methods that can rapidly adapt a pre-trained intent recognition
model to a new user or session with minimal additional labelled data offer a promising
solution [50,80]. Few-shot and zero-shot learning approaches, in which generalisation to
new users is achieved from very few or no user-specific examples, represent the frontier of
this research direction and are beginning to appear in the rehabilitation control literature.
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8.4. Clinical Translation: Bridging the Lab-to-Clinic Gap

The proportion of patient studies is best interpreted as a marker of technological
maturity. Small samples and short evaluations are expected while devices and algorithms
are still being stabilised. They become a more consequential limitation when authors make
clinical-effectiveness claims or when systems are proposed for unsupervised home use.
Future clinical studies should therefore be aligned with the maturity and intended use of
the device, progressing from safety and feasibility to repeated-session effectiveness and
comparative trials [1,79,92,93,106].

Translating soft wearable rehabilitation technology from laboratory demonstrations
to clinically deployable devices requires progress on several fronts simultaneously. Regu-
latory pathways for soft wearable medical devices vary significantly across jurisdictions
and are not yet fully defined for devices combining soft actuation, embedded Al, and
autonomous operation [76,77]. The applicable standards, ISO 13482 for personal care robots
and IEC 80601-2-78 for medical rehabilitation robots, provide safety frameworks but do
not specify performance requirements for FDD or intelligent control that would constitute
a quantitative basis for regulatory clearance [78,107]. Engagement between the research
community and standards bodies to develop evidence-based quantitative FDD and control
performance thresholds for soft wearable rehabilitation devices is identified as a priority.

Home-based rehabilitation is an important deployment context for soft wearable
devices because it may increase therapy dose beyond supervised clinical sessions [4,6,108].
The requirements are more demanding than in a laboratory: devices must operate safely
without continuous clinician oversight, detect anomalous behaviour, guide the user through
setup and calibration, and retain enough information for remote review. These conditions
place sensing robustness, transparent protective responses, and fault-aware control at the
centre of home-device design.

8.5. Standardisation of Reporting and Benchmarking

A recurring limitation identified throughout this review is the absence of standardised
reporting conventions and benchmarks that would allow direct comparison of results across
studies. This limitation affects all three thematic pillars: FDD papers report heterogeneous
metrics (detection rate, false alarm rate, time-to-detection) under different fault conditions
and operating scenarios [41]; sensing papers report different performance characterisation
protocols and evaluation conditions [18]; and control papers use different performance
metrics, evaluation tasks, and subject populations [27,91].

We propose the following minimum reporting checklist for future soft wearable
actuator studies addressing FDD, sensing, or intelligent control in rehabilitation contexts:

e  Actuator specification: type, working pressure/force range, nominal stroke, and
compliance characteristics;

e  Fault characterisation (FDD studies): fault type, severity range, injection method, and
operating conditions during evaluation;

e  FDD metrics: detection rate, false alarm rate, time-to-detection, and minimum de-
tectable fault amplitude at a specified threshold;

e  Sensing characterisation: bandwidth, accuracy, drift rate over session duration, and
performance under actuator operation (crosstalk);

e  Control performance: tracking error (RMSE), assist-as-needed ratio, and metabolic
cost reduction where applicable;

e Validation context: subject population (healthy/patient, n, age, condition), task reper-
toire, session duration, and number of sessions;

e  Safety events: any unplanned stops, fault-triggered interventions, or adverse events
during testing.
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Adoption of such a reporting checklist by journals and conferences publishing in this
area would substantially improve the comparability and reproducibility of results across
the field, accelerating progress towards clinical translation [18,41].

8.6. Emerging Opportunities

Beyond the priority gaps identified above, several emerging research directions offer
substantial long-term opportunities for the field. Digital twin frameworks, in which a
real-time computational model of the soft wearable device is maintained in parallel with
the physical system and updated by sensor data, provide a natural platform for integrating
FDD, sensing, and control [41]. The digital twin can serve simultaneously as the model
for model-based FDD residual generation, as the plant model for MPC, and as the basis
for offline reinforcement learning, eliminating the need for separate modelling efforts for
each function.

Data-efficient learning and probabilistic state estimation may reduce the amount
of labelled fault data required for deployment. Their near-term value lies in calibrated
uncertainty, domain adaptation, and transparent detection limits rather than in unrestricted
use of general-purpose foundation models. Evaluation should remain anchored to actuator
physics, clinically plausible disturbances, and predefined protective responses.

Finally, the convergence of soft wearable actuation with advanced materials science,
including stretchable electronics, conductive hydrogels, and 4D-printed structures with
programmed shape-change responses, offers the prospect of devices in which actuation,
sensing, and self-monitoring functions are fully integrated at the material level, eliminating
the interfaces between subsystems that are the primary loci of fault occurrence in current
devices [17,82].

9. Conclusions

This systematic review examines FDD, sensing, and intelligent control in soft wearable
actuators for rehabilitation and motor assistance. The corrected supplementary appraisal
maps all 106 publications included in the review. Four normative standards are retained
within this total as normative context and are marked as not applicable for empirical
methodological appraisal. The literature documents substantial progress in soft exosuits,
multimodal sensing, adaptive assistance, and simulation-based control. It also reveals an
uneven evidentiary structure. Technical innovation is concentrated in sensing and control,
whereas FDD evidence that directly combines soft actuation, wearable human coupling,
and rehabilitation validation is not yet available in the mapped source set.

The following principal conclusions are drawn from the review:

First, soft pneumatic actuators remain the dominant technology for wearable reha-
bilitation, accounting for nearly half of all included studies, but alternative modalities,
tendon-driven systems, SMAs, DEAs, and hybrid configurations, are growing in represen-
tation and offer complementary capabilities that may prove superior for specific anatomical
targets and patient populations [6,8,9].

Second, FDD is underrepresented relative to its role in safety assurance. Of the 14 FDD
records, Supplementary Table S1 classified nine as adjacent and five as indirect under the
strict target-domain criterion. The appropriate conclusion is not that borrowed methods are
ineffective, nor that they are already transferable. It is that soft-actuator-specific benchmarks
and validation studies are required before diagnostic performance can be quantified in
wearable rehabilitation [15-18,31,40-43,46,48,70-73].

Third, sensing technology has advanced rapidly, with flexible strain sensors, optical
fibre proprioception, IMU-based gait phase detection, and multimodal sEMG/EEG inter-
faces all demonstrating laboratory performance sufficient for rehabilitation control. The
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primary challenge is no longer sensor physics but sensor deployment: achieving consistent,
drift-free, and comfortable sensing over multi-week rehabilitation programmes in diverse
patient populations [19,23,86].

Fourth, intelligent control has seen the most dynamic development of the three pillars,
with deep reinforcement learning and human-in-the-loop optimisation emerging as leading
paradigms for personalised assistance. The key challenge for clinical translation is safety
assurance: demonstrating that learned control policies behave safely across the full range
of patient conditions, device degradation states, and environmental perturbations that arise
in real-world deployment [47,52,99].

Fifth, the three pillars of FDD, sensing, and control are interdependent in ways that
current research largely fails to exploit. Integrated fault-aware control architectures, in
which the control policy accounts explicitly for uncertainty in actuator state arising from
detected or suspected faults, offer substantially better safety guarantees than the current
practice of separate FDD and control design with discrete mode-switching. Developing
such architectures is identified as a priority research direction for the field.

Sixth, the limited proportion of patient-level studies primarily reflects the developmen-
tal stage of the field. This constrains conclusions about clinical effectiveness but should not
be conflated with a remediable design flaw in early prototypes. As systems approach home
or unsupervised use, validation should progress to repeated-session studies, standardised
clinical outcomes, and adequately powered comparative trials [1,79,92,93,106].

This review has limitations. Searches were completed in June 2026 and may not
capture records indexed subsequently. Heterogeneity in devices, outcomes, and validation
settings precluded meta-analysis, so the reported counts describe the literature rather than
effect magnitude. The English-language restriction may have excluded relevant evidence.
Inclusion of adjacent and indirect FDD studies broadens the methodological landscape but
lowers confidence in transferability claims; we addressed this by labelling such evidence
explicitly and avoiding quantitative extrapolation to soft wearable devices. Supplementary
Table S1 was reconstructed from the corrected bibliography and manuscript-level infor-
mation, after which the authors reviewed and confirmed the D4 classifications using the
available evidence record and manuscript extraction framework. Incomplete methodolog-
ical reporting across the corpus remains a substantive limitation on reproducibility and
direct cross-study comparison.

Despite these limitations, we believe the present review provides the most compre-
hensive and integrated examination to date of fault detection, sensing, and intelligent
control as an interconnected system for soft wearable rehabilitation actuators, and that
the research gaps and future directions identified here offer a useful roadmap for the
community working to translate these remarkable technologies into clinical practice.
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Abbreviations

The following abbreviations are used in this manuscript:

ALS Amyotrophic lateral sclerosis

BCI Brain—computer interface

CNN Convolutional neural network
CPG Central pattern generator

DEA Dielectric elastomer actuator
DNN Deep neural network

EEG Electroencephalography
EMG/sEMG Electromyography/surface electromyography
FDD Fault detection and diagnosis
FTC Fault-tolerant control

GRU Gated recurrent unit

HiTL Human-in-the-loop

ILC Iterative learning control

IMU Inertial measurement unit

LST™M Long short-term memory

MPC Model predictive control

MRAC Model reference adaptive control
PD Parkinson’s disease

pHRI Physical human-robot interaction
PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
RL Reinforcement learning

SCI Spinal cord injury

SMC Sliding mode control

SMA Shape memory alloy

SPA Soft pneumatic actuator

SVM Support vector machine
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