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Abstract 

The human musculoskeletal system, refined over millions of years of evolution, enables highly adaptive and efficient movement. 
However, aging, neuromuscular disorders, and physical injuries can severely impair mobility, necessitating advanced assistive 
technologies. While conventional approaches such as surgery, rehabilitation training, and pharmacological treatments remain 
widely used, they are often costly, time-intensive, and associated with potential risks. Wearable robotics has emerged as a prom-
ising alternative, offering personalized movement assistance, rehabilitation support, and mobility augmentation. Early wearable 
robots, particularly rigid exoskeletons, demonstrated potential in assisting movement but were hindered by excessive weight, 
mechanical rigidity, and misalignment with natural biomechanics, limiting their practicality. Recent advancements in flexible wear-
able robotics, leveraging Bowden cable transmissions and thermoplastic polyurethane-based actuators, have sought to over-
come these challenges. However, critical limitations—including low torque output, energy inefficiency, and challenges in actuator 
integration—remain significant barriers to widespread adoption. This review provides a comprehensive analysis of recent ad-
vancements in biomechanical modeling, flexible actuator technologies, and simulation-driven optimization methods for wearable 
medical robotics. It highlights the need for a unified theoretical framework to improve design efficiency, control adaptability, and 
real-time human–robot interaction. This review uniquely integrates biomechanical modeling with optimization strategies, offering 
a holistic approach to enhance wearable robotics for medical applications. Addressing these challenges could enable wearable 
robotics to evolve into highly efficient, intelligent, and seamlessly integrated assistive systems, transforming rehabilitation, indus-
trial support, and human augmentation.
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1. Introduction

The human musculoskeletal system has evolved over hun-
dreds of millions of years, resulting in a highly sophisticated 
and adaptable structure capable of supporting a wide range 
of movements[1]. However, mobility can be compromised by 
factors such as aging, neuromuscular disorders, and physical 
injuries. Even individuals in peak physical condition—such as 
athletes, mountaineers, and military personnel—constantly seek 
to enhance their movement capabilities. To restore, maintain, 
or augment mobility, researchers across disciplines—including 
medicine, sports science, and biomechanics—have explored a 
variety of strategies, including surgical interventions, pharma-
cological treatments, and rehabilitation programs. While these 
conventional approaches have proven effective, they often 

come with significant drawbacks, such as high costs, long re-
covery periods, and potential health risks. In response, wear-
able robotics has emerged as a promising alternative, offering 
innovative solutions to enhance mobility while mitigating these 
limitations[2].

The earliest wearable robotic systems were exoskeletons—
rigid, frame-based devices powered by conventional actuators 
such as electric motors and hydraulic systems[3]. One of the 
earliest examples, the Hardiman, was developed in the 1960s 
by General Electric with support from the US Department of 
Defense[4]. Designed to enhance human strength, this system en-
abled users to lift loads of up to 682 kg, significantly increasing 
the lifting capacity of soldiers. Despite their potential, exoskel-
etons have faced several limitations, including excessive weight, 
high costs, and rigid mechanical structures that interfere with 
natural biomechanics. The added mass and inertia from tradi-
tional actuators and rigid frames can disrupt natural movement 
patterns and pose safety concerns, particularly when misalign-
ments between the exoskeleton joints and the human body 
cause discomfort or secondary injuries. Additionally, the pre-
cise control required to synchronize rigid actuators with human 
motion presents further challenges, limiting their widespread 
adoption.

To address these limitations, researchers have increasingly 
focused on flexible wearable robots, which offer advantages in 
safety, portability, and cost-effectiveness[5]. The key to these sys-
tems lies in their actuation mechanisms. Among the widely used 
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flexible actuators in wearable robotics are McKibben pneumatic 
artificial muscles and Bowden cable actuators, both of which im-
prove compliance compared with rigid alternatives[6]. However, 
these actuators primarily generate linear motion, often requir-
ing additional mechanical components—such as linkages and 
gears—to convert linear forces into rotational torques for joint 
assistance. This conversion process reduces energy transmission 
efficiency and adds to system weight. In recent years, researchers 
have explored novel flexible actuators incorporating advanced 
materials and innovative structural designs, including electrical-
ly responsive polymers[7], fiber-reinforced bending actuators[8], 
and origami-based actuators[9]. However, many of these emerg-
ing technologies still present challenges, such as high-voltage 
operation requirements or the need for high-pressure actuation, 
raising safety concerns for practical use. A promising alterna-
tive is thermoplastic polyurethane (TPU)[10], a lightweight and 
cost-effective material commonly found in consumer products 
such as airbags. TPU-based actuators, which operate at low 
pressures and can be easily shaped, have already been imple-
mented in wearable devices designed to assist shoulder and knee 
joint movements[11]. Despite these advances, flexible wearable 
robotics remains in its early stages, with technical challenges 
such as airflow constraints in flexible actuators and insufficient 
output torque requiring further research.

Another critical challenge in wearable robot development is 
optimizing their design[12]. Traditional approaches rely on em-
pirical knowledge, human movement analysis, iterative proto-
typing, and participant trials to refine designs. While effective, 
these methods are highly specialized, resource-intensive, and 
time-consuming. Conducting human trials also carries inherent 
risks, and evaluating performance in extreme environments re-
mains a challenge. A promising alternative is simulation-driven 
optimization, which has been widely adopted in fields such as 
aerospace and automation. By integrating computational mod-
eling into wearable robot design, researchers can accelerate 
development cycles, reduce costs, and improve overall system 
safety. Although early studies have explored simulation-based 
optimization[13] in wearable robotics, most efforts have focused 
on refining control strategies for specific devices. A comprehen-
sive approach that integrates kinematic, material, and control 
parameter optimization remains underdeveloped. Establishing a 
unified computational framework that accounts for these inter-
dependent factors would facilitate the development of wearable 
robots tailored to diverse user needs.

Beyond individual device optimization, a broader challenge 
lies in the integration of wearable robotics with real-world en-
vironments. Wearable robots must function seamlessly in di-
verse conditions, adapting to user-specific needs while ensuring 
long-term reliability. This requires advancements in real-time 
sensing, adaptive control, and user-centered design. Current sys-
tems often rely on preprogrammed movement patterns, limiting 
their ability to dynamically adjust to the wearer’s biomechan-
ics. Future developments should focus on integrating artificial 
intelligence (AI) and machine learning algorithms to enhance 
real-time adaptability and predictive control, ensuring that 
wearable robots can intelligently respond to changes in move-
ment and load distribution.

Furthermore, a key consideration in wearable robotics is 
user experience and long-term usability. Many existing designs 
prioritize mechanical performance while overlooking human 
factors such as comfort, usability, and aesthetics. To encour-
age widespread adoption, future research must focus on min-
imizing device weight, improving material breathability, and 

refining attachment mechanisms to reduce pressure points and 
discomfort. Biomechanically inspired designs that closely mimic 
human muscle movement may offer a pathway to developing 
next-generation wearable robots that feel more like natural ex-
tensions of the body.

Building on these priorities, recent developments underscore 
the rapid convergence of wearable robotics with soft-material 
engineering, vision-based perception, and context-aware control. 
Portable inflatable soft exosuits for industrial and rehabilitative 
applications[14], scene-aware perception systems for exoskeleton 
navigation[15], and perspectives on integrating vision into wearable 
robots[16] illustrate the growing sophistication of modern designs. 
Concurrently, comprehensive reviews of actuation materials and 
architectures[17] and wearable/implantable soft robots[18] highlight 
emerging opportunities for cross-disciplinary innovation.

The future of wearable robotics will likely be shaped by in-
terdisciplinary collaboration across engineering, medicine, and 
biomechanics. Advances in biohybrid actuators, which integrate 
living tissue with synthetic materials, could provide the next break-
through in wearable robotics, offering actuators that replicate the 
efficiency, compliance, and energy efficiency of biological muscles. 
Additionally, breakthroughs in soft robotics and biomimetic design 
could lead to exosuits that more effectively assist movement with-
out imposing unnatural constraints on the wearer. Addressing these 
challenges will require sustained research and development efforts, 
as well as the integration of novel technologies such as real-time 
physiological monitoring and AI-enhanced control strategies.

At the core of wearable robot design and optimization lies 
a fundamental understanding of the biomechanics and control 
mechanisms of the human musculoskeletal system. Analyzing its 
structure, kinematics, dynamics, energetics, and neuromuscular 
control provides the theoretical foundation necessary to develop 
effective robotic solutions for movement augmentation. Math-
ematical and physical models enable a systematic approach to 
studying human motion, guiding the design and refinement of 
wearable robotic systems.

In summary, the field of wearable robotics faces 3 major chal-
lenges: (1) the lack of a well-established theoretical foundation for 
optimization design; (2) the absence of a standardized, systematic 
approach to optimizing wearable robots; and (3) the need for im-
proved flexible actuators and their integration into wearable sys-
tems. This review aims to address these challenges by providing 
a comprehensive overview of recent advancements in wearable 
robotics, focusing on four key areas: (1) the biomechanics and 
neuromuscular control of the human musculoskeletal system; 
(2) optimization methodologies for wearable robots, including 
antagonistic joint actuation and control using McKibben-type 
pneumatic muscles; (3) advances in flexible actuation technolo-
gies; and (4) the design and integration of flexible wearable ro-
botic systems. By exploring these aspects, this review provides 
insights into the next steps required to advance wearable robotic 
technology, ultimately paving the way for more effective, adapt-
able, and widely accessible movement assistance solutions.

2. Biomechanics modeling of human motion for 
wearable robotics: structure, dynamics, energetics, 
and control

2.1 Modeling the human motion system for wearable 
robotics design and optimization

A comprehensive understanding of the human motion system, 
including its structural, kinematic, dynamic, energetic, and 



Fang et al. • Volume 2 • Number 4 • 2025	 www.precisionnutritionjournal.com

197

control mechanisms, serves as the foundation for designing and 
optimizing wearable robots. In modeling this system, higher 
model complexity generally results in greater anatomical fidelity 
but also significantly increases computational demands. Thus, 
researchers must carefully balance model accuracy with com-
putational efficiency when selecting an appropriate modeling 
approach.

One of the simplest representations is the torque-driven hu-
man motion system model, such as the 17 torque actuators (T1, 
T2, …, T17) of the upper limb and trunk, which is frequent-
ly used in structural design and optimal control simulations of 
wearable robots[19]. While this model enables rapid computa-
tion, its biological realism is low, as it does not accurately reflect 
the true structure of the human motion system.

At the opposite end of the spectrum, the muscle finite ele-
ment model-driven human motion system provides high-fidelity 
simulations by incorporating finite element analysis to model 
muscle function. This approach enables a highly detailed rep-
resentation of muscle–tendon interactions, allowing for precise 
characterization of muscle strain, stress distribution, and ener-
gy dissipation under various loading conditions. However, this 
method requires significant computational resources and is of-
ten impractical for real-time applications, limiting its use in the 
development of assistive wearable technologies[20–22].

A middle-ground approach utilizes Hill-type muscle models in 
combination with 3-dimensional skeletal models, making it the 
most commonly adopted framework for human motion analy-
sis and wearable robot development. This hybrid methodology 

enables an effective balance between computational efficiency 
and biological accuracy. In this method, the human motion 
system is represented as a multi-rigid-body structure actuated 
by Hill-type muscles, incorporating muscle contraction dynam-
ics while maintaining relatively low computational overhead. 
Several well-established models exist within this framework, 
including:

	 •	A musculoskeletal model designed for simulating cycling 
and high-speed running[23].

	 •	A customized musculoskeletal model optimized for analyz-
ing squatting mechanics[24].

	 •	The TLEM 2.0 dataset, which provides detailed musculo-
skeletal geometry for lower-limb modeling[25].

	 •	The full-body musculoskeletal model is widely used for hu-
man gait analysis (illustrated in Figure 1)[26].

Since the human motion system is typically modeled as a 
multi-rigid-body system actuated by various types of actuators, 
its kinematic and dynamic behavior can be described using the 
fundamental principles of multi-rigid-body system mechanics. 
However, given the large number of interconnected rigid bod-
ies, traditional 3-dimensional vector-based methods—com-
monly used in robotics—result in complex and cumbersome 
calculations[27–29].

To streamline these computations, researchers have adopted 
a 6-dimensional spatial coordinate system to represent the mo-
tion variables of each rigid body. The corresponding dynamic 

Figure 1.  Conceptual schematic of the human skeletal driver system drawn by the authors.
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equations in 6-dimensional coordinates are then derived, facili-
tating efficient inverse and forward dynamics analysis of the hu-
man motion system. This formulation enhances computational 
efficiency by reducing redundant calculations associated with 
large-scale multibody dynamics.

To further improve efficiency, the recursive Newton–Eul-
er method and chain-body algorithm have been employed to 
solve dynamic equations, significantly reducing computational 
burdens associated with large-scale musculoskeletal simula-
tions[30,31]. These advancements provide significant potential for 
real-time motion analysis and optimization in wearable robotics 
applications.

Future research should prioritize the integration of real-time 
sensor feedback into these models to facilitate adaptive con-
trol mechanisms in wearable robotics. Additionally, explor-
ing machine learning-based surrogate modeling techniques 
could provide opportunities for expediting inverse dynamics 
analysis, leveraging data-driven approaches to approximate 
complex biomechanical behavior with reduced computational 
cost. Leveraging high-fidelity musculoskeletal models in con-
junction with real-time physiological data could enable the 
development of predictive frameworks capable of dynamically 
modifying robotic assistance based on user-specific movement 
patterns and fatigue levels. Achieving this level of adaptability 
will be essential for optimizing user comfort, enhancing per-
formance, and ensuring the long-term practicality of wearable 
robotic devices.

2.2 Energy consumption modeling of the human motion 
system

Energy consumption modeling of the human motion system en-
compasses 2 primary components:

	 •	Generalized power, work, and energy modeling: This meth-
od involves computing generalized power by multiplying 
generalized velocity and generalized force, followed by 
integration. It provides a mathematical representation of 
how energy is transferred within the musculoskeletal sys-
tem, which is critical for analyzing mechanical efficiency 
and energy expenditure during movement[32].

	 •	Muscle metabolic energy consumption modeling: This 
approach is inherently more complex as it accounts for 
biochemical energy expenditure. In 2003, Umberger at Ar-
izona State University introduced a model for estimating 
human muscle energy consumption[33]. This model was lat-
er refined by Uchida and colleagues at Stanford University 
in 2016, improving its accuracy in quantifying metabolic 
energy expenditure[34].

Muscle energy modeling is particularly important in wearable 
robotics, as energy-efficient design directly impacts the endur-
ance and usability of assistive devices. Various metabolic cost 
functions have been developed to estimate energy expenditure 
during movement, including oxygen consumption rates, ATP 
hydrolysis models, and electromyographic (EMG) signal-based 
approaches[32–34]. These models allow for more precise energy 
optimization strategies in wearable robots, ensuring that assis-
tance is provided with minimal metabolic burden to the user.

Further advancements in energy modeling involve integrat-
ing real-time physiological measurements, such as heart rate 
variability and respiratory rate, into predictive frameworks. By 
continuously monitoring metabolic markers, wearable robots 

can dynamically adjust their actuation strategies to optimize 
energy efficiency based on user fatigue levels and exertion 
states.

2.3 Modeling the human motion control system

The human motion system is a highly redundant system, mean-
ing that multiple muscle activation patterns can produce the 
same motion. This redundancy makes it extremely challenging 
to infer neural control signals and muscle excitations from ob-
served movements. Addressing this challenge requires integrat-
ing optimization and control methodologies.

Figure 2 summarizes the tendon–muscle dynamics we adopt: 
muscles are represented as path actuators that exert force along 
specified lines of action; antagonistic sets of actuators combine 
to generate the net joint moments that drive motion. Follow-
ing Millard et al.[35], each muscle–tendon unit includes a passive 
elastic tendon in series with a muscle modeled by an active con-
tractile element, a passive elastic element, and a viscous damper, 
with muscle force governed jointly by neural activation dynam-
ics and contraction dynamics.

Early approaches relied on dynamic optimization techniques, 
where muscle excitation levels were treated as optimization 
variables, and the objective was to minimize the discrepancy 
between simulated and experimental human motion data[36–38]. 
However, when incorporating numerous muscles with complex 
excitation patterns, solving this optimization problem becomes 
computationally infeasible due to the large number of state 
equations requiring full numerical integration.

To mitigate this challenge, researchers have explored 2 pri-
mary strategies:

	 •	Reducing the number of muscles included in the model to 
decrease computational complexity while maintaining bio-
mechanical realism[36,39].

	 •	Simplifying muscle control signals to limit the number of 
optimization variables required for simulation[38].

Despite these simplifications, dynamic optimization tech-
niques still demand extensive computational resources, often 
requiring thousands of iterations of state equation integration. 
To alleviate this computational burden, inverse approaches 
have been proposed. Yamaguchi and colleagues[38] developed 
an inverse method to directly solve for muscle forces, though 
this approach does not inherently account for muscle proper-
ties and requires additional optimization steps to resolve mus-
cle redundancy. Kaplan introduced a second-order dynamic 

Figure 2.  Author-created schematic of the simplified model of the muscle–
tendon system, informed by Millard et al.[35].
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optimization method, utilizing discrete state equations to en-
hance computational efficiency. However, this method is dif-
ficult to implement as it requires manually deriving first- and 
second-order derivatives of state equations concerning control 
variables[37].

A more recent and computationally efficient technique 
is computed muscle control (CMC), which has been widely 
adopted in biomechanical simulations. Compared with tra-
ditional dynamic optimization approaches, CMC offers sig-
nificant performance advantages by integrating feedforward 
and feedback control strategies with static optimization al-
gorithms. Unlike dynamic optimization, CMC requires only 
a single integration of the model’s state equations while still 
enabling accurate tracking of experimental kinematics. Thel-
en and colleagues[40,41] at Stanford University have been in-
strumental in advancing CMC research, using it to validate 
human motion simulations—such as walking—against exper-
imental data

Beyond CMC, researchers have also explored direct colloca-
tion optimization algorithms to model human muscle control. 
This method has been successfully implemented by Lee and Um-
berger[42] and De Groote and colleagues[43]. However, while direct 
collocation enables the simultaneous optimization of large-scale 
models, the approach remains computationally demanding due 
to the substantial number of optimization variables involved.

Future research in this area should explore hybrid control 
strategies that integrate physiological feedback into computa-
tional models, allowing for adaptive and context-aware motion 
control in wearable robotics. Combining control theory with 
neural network-based predictive models may further enhance 
real-time motion assistance, paving the way for more intuitive 
and responsive robotic systems.

3. Optimization methods for wearable robot design

The design process of wearable robots has traditionally fol-
lowed a concept verification approach, where a prototype is 
first developed and then evaluated through experimental testing. 
This methodology relies heavily on the designer’s engineering 
expertise, statistical data on human motion, and experimental 
results from test subjects. However, because prototypes must be 
iteratively refined, this approach is costly and time-consuming. 
Additionally, it involves human trials, which pose inherent 

risks, particularly when evaluating wearable robots in extreme 
environments.

A well-documented example of this method is the develop-
ment of an unpowered exoskeleton, as reported in Nature[44]. 
To determine the optimal spring stiffness, the researchers con-
structed 5 series of exoskeletons with different stiffness values 
and conducted human trials with 9 healthy participants under 
7 distinct experimental conditions. Similarly, when optimizing 
the control strategies of wearable robots for different users, 
adjustments are often made based on the designer’s engineer-
ing intuition and experimental observations[47,48] as illustrated 
in Figure 3. However, as the number of control parameters in 
wearable robots increases[45,49] as illustrated in Figure 3[50], and 
as user variability becomes more pronounced, this manual ad-
justment approach becomes increasingly impractical[51].

3.1 Simulation-based optimization for wearable robots

To overcome the limitations of physical prototyping and hu-
man experimentation, simulation-based design, also known as 
virtual prototyping, has emerged as a powerful alternative for 
wearable robot development. This approach leverages compu-
tational simulations to iteratively optimize wearable robots, 
significantly improving design efficiency and reducing costs. 
Virtual prototyping enables rapid quantitative analysis of nu-
merous design configurations across diverse simulated scenar-
ios, minimizing the need for physical prototypes and extensive 
human trials.

By employing physics-based simulations, designers can sys-
tematically test different actuation strategies, material compo-
sitions, and biomechanical interactions, ensuring that wearable 
robots meet performance objectives while maintaining user 
safety and comfort. Advanced simulation environments allow 
researchers to integrate realistic human musculoskeletal models, 
control strategies, and interaction forces to refine design param-
eters before fabrication[46].

Several examples illustrate the advantages of simulation-based 
design, including:

	 •	Wearable robots optimized through simulation to assist in 
load-bearing walking[52].

	 •	Simulated ideal wearable robots designed to enhance run-
ning performance[53].

Figure 3.  (A) Experimental setup with a participant wearing a soft exosuit that assists hip extension via Bowden cable [45]. Copyright 2016, The Authors. (B) 
Conceptual workflow of an experimental setup for human-in-the-loop (HITL) Bayesian optimization, inspired by the description in Ref.[46]
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	 •	Simulation-based wearable robots aimed at reducing meta-
bolic cost during walking in elderly individuals[54].

Early applications of simulation-based design primarily fo-
cused on wearable robots for passive users, where the wearer’s 
initiative was minimally considered. For instance, early studies 
optimized the design and control of hand exoskeletons[55] and 
developed leg exoskeletons for rehabilitation training[56]. How-
ever, as wearable robotics technology has evolved, the target 
user population has expanded, and human–robot interaction 
has become increasingly integral. This is particularly relevant 
for flexible wearable robots, where the user’s active engagement 
must be incorporated into the design process[57]. Consequently, 
research efforts have shifted toward HITL optimization meth-
ods for wearable robots[46,58–60] as illustrated in Figure 3.

Building on these advances, recent simulation-to-hardware 
pipelines have demonstrated the ability to train and deploy 
exoskeleton assistance strategies without HITL tuning, achiev-
ing substantial metabolic reductions[61]. Integrated frameworks 
combining physical modeling with AI-driven policy learning 
have been shown to shape high-performance wearable robots 
for both restoration and enhancement of human function[62]. In 
upper-limb applications, personalized machine learning-based 
controllers improved impaired arm function across diverse user 
populations[63], while novel control formulations based on regu-
lating virtual energy have emerged for coordinated human–exo-
skeleton locomotion[64].

3.2 HITL optimization for wearable robots

The HITL optimization approach treats the human body and the 
wearable robot as a coupled system, integrating human biome-
chanics and robotic dynamics to define optimization objectives 
and constraints. Optimization algorithms are then employed to 
identify the optimal design parameters for the wearable robot. 
Since this method involves solving a complex, nonlinear coupled 
dynamics problem, computational demands are substantial, 
making the optimization process highly challenging.

Unlike traditional optimization approaches, HITL optimiza-
tion continuously adapts to real-time physiological feedback, 
enabling wearable robots to dynamically adjust their assistance 
levels based on user movement patterns and energy expenditure. 
This adaptability makes HITL particularly well-suited for reha-
bilitation applications, as assistive devices can be personalized 
for each user’s specific needs and motor capabilities.

To improve computational efficiency, researchers have in-
creasingly drawn inspiration from machine learning-based op-
timization techniques. For example, Felt et al.[65] examined 3 
different optimization algorithms—steady-state cost mapping, 
instantaneous cost mapping, and instantaneous cost gradient 
search—to optimize the design of active prostheses, orthoses, 
and exoskeletons based on dynamic estimation and response 
surface modeling. However, in many cases, the exact relation-
ship between control parameters and metabolic costs remains 
unknown, leading to risks of overfitting and bias in optimiza-
tion results[66,67].

A more robust alternative is Bayesian optimization, which ex-
tends traditional response surface methodologies by employing 
nonparametric regression models and principled data selection 
strategies[68,69]. Ding et al.[46] and Kim et al.[70] successfully applied 
Bayesian optimization to the HITL design of flexible wearable 
robots, demonstrating its effectiveness in refining control strat-
egies. However, most of the existing HITL optimization studies 

based on Bayesian optimization have focused exclusively on op-
timizing control schemes for specific wearable robots, relying 
on partial human trials. These studies do not comprehensively 
integrate mechanical configuration and material properties into 
the optimization process.

Future work in HITL optimization should explore multi-
objective optimization strategies that balance biomechanical 
efficiency, user comfort, and energy expenditure. Additionally, 
integrating physiological markers such as EMG signals, heart 
rate variability, and metabolic cost estimations into HITL op-
timization frameworks could further enhance adaptability and 
robustness. A more comprehensive framework incorporating 
both real-time and predictive optimization strategies would en-
able wearable robots to provide truly personalized and adaptive 
assistance.

3.3 Future directions: generalized HITL optimization

To fully leverage the potential of HITL optimization, it is essen-
tial to develop a generalized HITL framework that can simulta-
neously optimize:

	 •	Material properties, ensuring that wearable robots are 
lightweight, durable, and adaptable.

	 •	Geometric configurations, refining the robot’s structure for 
enhanced comfort and biomechanical compatibility.

	 •	Control parameters, improving efficiency and adaptability 
across diverse user populations.

A truly generalized HITL optimization method would allow 
for the simultaneous fine-tuning of these 3 aspects, tailoring 
wearable robot designs to meet the specific needs of different 
users. This holistic approach would enhance the adaptability, 
efficiency, and user comfort of wearable robotic systems, pav-
ing the way for next-generation assistive and augmentative 
technologies.

Beyond conventional biomechanical metrics, future research 
should explore integrating cognitive and neuromuscular factors 
into HITL optimization. By incorporating neural control mod-
els and brain–computer interface (BCI) technologies, wearable 
robots could be designed to respond more intuitively to user 
intent, further enhancing user-robot synergy.

Additionally, advancing real-time adaptive learning algo-
rithms within the HITL framework will allow wearable robots 
to refine their assistance strategies over time. By continuously 
learning from user movement patterns and physiological sig-
nals, assistive devices can evolve dynamically, improving long-
term rehabilitation outcomes and enhancing daily usability for 
individuals with mobility impairments.

Future studies should also focus on developing standardized 
HITL optimization protocols to ensure reproducibility and 
cross-study comparisons. A unified approach to optimization in 
wearable robotics would accelerate progress in this field, fos-
tering more effective and widely accessible robotic assistance 
solutions.

4. Design and control of McKibben-type pneumatic 
muscle-driven antagonistic joints

To enhance safety and user-friendliness in direct human–ro-
bot interactions, many robotic systems utilize McKibben-type 
pneumatic artificial muscle-driven antagonistic joints as their 
primary rotational mechanisms. These joints are widely applied 



Fang et al. • Volume 2 • Number 4 • 2025	 www.precisionnutritionjournal.com

201

in various domains, including medical robotics[71], wearable 
exoskeletons[72], and robotic manipulators[73,74]. The inherent 
flexibility and lightweight nature of McKibben-type pneumat-
ic artificial muscle-driven antagonistic joints provide several 
advantages, such as collision mitigation, energy storage, and 
reduced contact forces between the robot and its environment 
during operation. However, these same properties introduce sig-
nificant complexities in dynamic modeling and control, further 
compounded by the uncertainties associated with human–ro-
bot interactions, making precise control and modeling of these 
joints particularly challenging.

In response to these challenges, researchers have pursued 
innovative actuator integrations and control strategies. Re-
cent designs have expanded the capabilities of McKibben-type 
actuators by integrating them with other soft robotic tech-
nologies. For example, Cacucciolo et al.[75] introduced an 
electrically-driven soft fluidic actuator that combines stretch-
able pumps with thin McKibben muscles, enabling lightweight, 
portable actuation without external pneumatic sources. This 
approach retains the compliance and high force-to-weight 
ratio of McKibben muscles while improving autonomy and 
wearability, making it highly suitable for mobile or wearable 
robotic applications (Figure 4A). In parallel, Li et al.[76] devel-
oped a musculoskeletal bipedal lower-limb robot driven by 
McKibben-type muscles and controlled via a spring-loaded 
inverted pendulum (SLIP) model. This system demonstrated 
stable and efficient walking through a combination of accurate 
dynamic modeling and model-based gait control, underscoring 
the potential of McKibben-type antagonistic joints for legged 
locomotion (Figure 4B, C).

4.1 Model-free and model-based control approaches

To achieve accurate control of robots driven by flexible actua-
tors, roboticists have explored both model-free and model-based 
control strategies. The choice between these 2 approaches large-
ly depends on the specific application requirements, computa-
tional constraints, and the degree of modeling accuracy needed.

4.1.1 Model-free control methods

Model-free control techniques offer an intuitive approach that 
does not require explicit dynamic modeling. Instead, these 
methods directly utilize feedback-based control mechanisms to 
regulate joint motion. Among the most widely used model-free 
control approaches are proportional-integral-derivative (PID) 
controllers and their improved variants, such as:

	 •	A PID controller designed for climbing robots actuated by 
pneumatic artificial muscles[77].

	 •	A fuzzy logic-based controller for pneumatic artificial mus-
cle systems[78,79].

	 •	A nonlinear neural network PID controller for robotic ma-
nipulators using pneumatic artificial muscles[80,81].

These methods are particularly beneficial in scenarios where 
obtaining an accurate dynamic model is impractical due to 
time-varying system properties and unknown disturbances. 
However, model-free control methods often require extensive 
parameter tuning and may struggle with handling nonlineari-
ties and hysteresis effects present in McKibben-type pneumatic 
artificial muscles. Although they eliminate the need for intricate 
dynamic models, they suffer from feedback delays and do not 
fully exploit the underlying physical properties of the system. 
Consequently, while they offer a practical solution, they may 
not be optimal for high-performance control tasks.

4.1.2 Model-based control methods

Compared with model-free approaches, model-based control 
strategies typically offer superior performance by leverag-
ing system dynamics for enhanced precision. These methods 
include:

	 •	Sliding mode control[82,83].
	 •	Feedforward-based dynamic surface control[84].
	 •	Adaptive backstepping control[85].
	 •	Gain regulation control[86].

Figure 4.  (A) McKibben muscles illustration. Adapted from Cacucciolo et al.[75] Copyright 2020, The Authors. (B) Bipedal pneumatic musculoskeletal lower-limb 
robot developed based on the SLIP model. Adapted from Li et al.[76] under CC BY 4.0. (C) The control system of the lower-limb robot[76]. Copyright 2024, The 
Authors.
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Model-based control approaches utilize system identification 
techniques to derive mathematical representations of actua-
tor dynamics, enabling more accurate and responsive control 
schemes. The SLIP model-based gait controller developed by Li 
et al.[76] exemplifies how model-based methods can yield stable 
locomotion in McKibben-driven legged systems. However, the 
inherent nonlinearities, hysteresis, and unpredictable disturbanc-
es in McKibben-type pneumatic artificial muscle-driven antag-
onistic joints make accurate modeling highly challenging. These 
complexities limit the effectiveness of traditional model-based 
control methods and necessitate the development of advanced 
compensation strategies to account for model uncertainties.

4.2 Advancements in model-based control compensation 
strategies

To improve model-based control techniques, researchers have 
pursued advancements in 2 key areas: enhancing modeling tech-
niques for McKibben-type pneumatic artificial muscles and de-
veloping compensation strategies for model-based control.

4.2.1 Enhancing modeling techniques for McKibben-type 
pneumatic artificial muscles

Several methodologies have been proposed to improve the accu-
racy of dynamic models, including:

	 •	Theoretical modeling approaches, which derive system dy-
namics based on first-principle physics laws[87].

	 •	Phenomenological modeling techniques, which use em-
pirical data to develop models that approximate system 
behavior[88,89].

	 •	Active modeling strategies, which incorporate real-time 
learning techniques to continuously update model parame-
ters during operation[90].

Despite substantial progress in these areas, existing models 
still contain unknown uncertainties and time-dependent param-
eters, which are difficult to identify through experimental data 
alone. A key challenge remains in achieving a balance between 
model accuracy and computational efficiency, as overly complex 
models may introduce excessive latency in real-time control ap-
plications. The integration of stretchable pump technology with 
thin McKibben muscles, as demonstrated by Cacucciolo et al.[75], 
introduces new design parameters—such as embedded pumping 
dynamics—that future models will need to capture accurately.

4.2.2 Developing compensation strategies for model-based 
control

In response to the limitations of current models, researchers 
have introduced compensation strategies to enhance control 
performance. Notable contributions include:

	 •	Cascade position control with hysteresis compensation for 
McKibben-type pneumatic artificial muscles, introduced by 
Minh et al.[91].

	 •	Dynamic compensation strategies to address hysteresis ef-
fects, improving tracking accuracy and response time, pro-
posed in 2012[92].

More recently, researchers have developed innovative com-
pensation methods, such as:

	 •	Guaranteed cost control techniques, which ensure system 
stability under bounded uncertainty conditions[93].

	 •	Feedforward torque control methods for dynamic compen-
sation, which predict actuator response based on estimated 
external forces[71].

	 •	Model-based active control approaches, which integrate 
learning-based adaptation mechanisms to compensate for 
time-varying model inaccuracies[94].

4.3 Model predictive control for pneumatic muscle-driven 
joints

Model predictive control (MPC)[95] is a powerful framework 
for handling multi-input, multioutput systems with constraints, 
enabling real-time predictions to adjust control actions dynam-
ically. Its ability to explicitly incorporate actuator limits, safety 
constraints, and performance objectives makes it well-suited for 
antagonistic joints driven by McKibben-type pneumatic artifi-
cial muscles. However, pneumatic muscle-driven joints exhibit 
strong nonlinearities, hysteresis, and time-varying parameters, 
which impose stringent model accuracy requirements[96] and can 
degrade predictive performance.

4.3.1 Mathematical formulation

In discrete time, an MPC problem[95] can be expressed as

 xk+1 = Axk +Buk + wk, yk = Cxk  � (1)

where xk contains joint states (eg, angle, angular velocity, and 
chamber pressures), uk are valve or pump commands, and wk 
model’s disturbances. Over a prediction horizon N , the quadrat-
ic program solved at each control step is:

min
{ ∆ uk,ϵk}

N−1∑
k=0

(∥∥yk − yrefk

∥∥2
Q
+ ∥ ∆ uk∥2R + ρ∥ϵk∥1

)
+

∥∥xN − xref
N

∥∥2
P

� (2)

s.t.

xk+1 = Axk +B (uk−1 + ∆ uk)

umin ≤ uk−1 + ∆ uk ≤ umax

∆ umin ≤ ∆ uk ≤ ∆ umax

xmin − ϵk ≤ xk ≤ xmax + ϵk, ϵk ≥ 0

where Q, R, and P  are positive semidefinite weight matrices for 
tracking, smoothness, and terminal error, and ρ > 0 penalizes 
soft-constraint violations. In antagonistic McKibben joints, this 
framework allows explicit incorporation of joint torque/angle 
limits, pressure bounds, and rate constraints, while updating 
model matrices (A,B,C) from either physics-based identifica-
tion or data-driven estimation.

4.3.2 Applications in wearable robotics

This general MPC framework has been applied in several 
wearable robotic contexts. Laguerre-based MPC has been im-
plemented in upper-limb rehabilitation robots, achieving accu-
rate trajectory tracking with reduced computational load[97]. In 
lower-limb systems, Jammeli et al.[98] integrated explicit MPC 
with a nonlinear disturbance observer, improving tracking ac-
curacy and reducing assistance torque compared with PID con-
trol. Cao et al.[99] integrated nonlinear MPC with an echo state 
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Gaussian process model to handle hysteresis and nonlineari-
ties. MPC has been used in tremor suppression applications, 
where model-based prediction enables precise and adaptive as-
sistance[100]. Switching-MPC based on piecewise-affine models 
has been validated for McKibben muscle systems, demonstrat-
ing applicability to constrained joint control tasks[101].

4.3.3 Adaptive MPC variants

To mitigate model inaccuracies and time-varying effects, several 
adaptive MPC approaches have been proposed:

	 •	Tube-MPC for robust control, which constrains system de-
viations within a predefined uncertainty set[102].

	 •	Chance-constrained MPC, which accounts for uncertain-
ties in control parameters and ensures stability under prob-
abilistic constraints[103].

	 •	Model reference adaptive control, which continuously ad-
justs MPC models based on real-time feedback[104].

While these strategies improve robustness, they also increase 
computational complexity and require substantial tuning ex-
pertise, which can limit their adoption in real-time wearable 
applications.

4.3.4 Implementation loop

A typical implementation loop involves:

	 [1]	Sensing: joint angle, velocity, and chamber pressure 
(inertial measurement unit (IMU), encoders, pressure 
transducers).

	 [2]	State estimation: Extended Kalman filter or disturbance 
observer.

	 [3]	Prediction: update model with latest parameters.
	 [4]	Optimization: solve the quadratic program (QP) for ∆ uk.
	 [5]	Actuation: send updated valve or pump commands.

Figure 5 illustrates this process, integrating trajectory and 
constraint inputs, prediction modeling, optimization, actua-
tion, sensing, and state estimation into a real-time control loop.

4.4 AI-driven approaches for MPC optimization

With the advancements in AI, many data-driven MPC tech-
niques have been developed to address the model uncer-
tainty challenges associated with pneumatic muscle-driven 

antagonistic joints. Some notable AI-driven MPC approaches 
include:

	 •	Neural network-based MPC for piezoelectric actuators, 
which learns actuator dynamics from historical data[105].

	 •	Reinforcement learning-based MPC controllers for robotic 
arms, which continuously refine control policies through 
trial-and-error learning[106].

	 •	Echo state network-based MPC for flexible exoskeletons, 
which leverages reservoir computing to model complex sys-
tem dynamics efficiently[99].

Beyond these examples, recent AI-assisted MPC work has 
landed directly in wearable contexts. Laguerre-based MPC has 
been deployed on an upper-limb rehabilitation robot with low 
computation and strong tracking performance, making real-time 
implementation practical[97]. For lower-limb devices, disturbance-
rejection MPC augmented with an extended-state observer im-
proves robustness to human-induced uncertainties[107], and MPC 
has also been used clinically motivated for tremor suppression in 
a wrist exoskeleton[108]. Related formulations include robust tube-
based nonlinear model predictive control (NMPC) demonstrated 
on a hybrid knee exoskeleton[109] and Koopman-based MPC vari-
ants tailored to tremor dynamics with online model updating[110]. 
On the learning side, deep models embedded inside MPC can re-
place hard-to-identify dynamics while retaining constraint han-
dling[111]; similarly, data-driven predictive control frameworks 
have been proposed to synthesize gaits directly from measured 
trajectories without explicit plant models[112]. Complementary to 
these model-based approaches, sim-to-real reinforcement learn-
ing shows how learned assistance policies can transfer to hard-
ware and reduce metabolic cost[61], with musculoskeletal-model 
reinforcement learning (RL) providing convergent evidence for 
robust locomotion controllers[113]. In parallel, HITL optimization 
with machine learning surrogates personalizes controller param-
eters in real time[114], including sample-efficient preference-based 
tuning for ankle assistance[115], EMG-informed HIL on a porta-
ble hip exoskeleton[116], and preferential multiattribute Bayesian 
optimization for exoskeleton personalization[117]. User-specific 
policy learning via Gaussian processes offers a low-data path to 
personalization and motivates the Gaussian process regression 
(GPR)-MPC integration discussed next[118].

Although these methods show promise in learning nonlinear 
dynamics, they require extensive training data and computa-
tional resources. Moreover, training these models is complex, 
often necessitating the collection of large datasets to achieve op-
timal performance.

Figure 5.  MPC framework for McKibben-type pneumatic muscle-driven joints, showing trajectory and constraint inputs, prediction modeling, QP-based opti-
mization, actuation, sensing, and state estimation for real-time, constraint-aware control.
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4.5 GPR for MPC in antagonistic joint control

To overcome the challenges posed by deep learning-based 
control methods, GPR has emerged as a promising alterna-
tive. Unlike neural networks, GPR requires minimal prior data 
and is capable of approximating a wide range of nonlinear 
functions[68,119,120].

In regression form, given training data D = {X, y} and a ker-
nel function k (·, ·), the GPR predictive distribution for a test 
input x∗ is:

 

µ (x∗) = kT∗
(
K + σ2

nI
)−1

y

σ2 (x∗) = k (x∗, x∗)− kT∗
(
K + σ2

nI
)−1

k∗  �(3)

where K is the Gram matrix of training points, k∗ = k (X,x∗),  
and σ2

n is the observation noise variance. In GPR-MPC, µ (x∗) 
models system dynamics (eg, joint torque response), while 
σ2 (x∗) informs robust constraint handling in the MPC optimi-
zation problem[68,121].

GPR has been successfully implemented for modeling the dy-
namics of various systems, including:

	 •	Internal combustion engine charging cycles[122].
	 •	Chemical pH neutralization systems[123].
	 •	Autonomous robotic ship navigation[124].
	 •	Wheeled unmanned vehicles[121,125].
	 •	Lower-limb exoskeletons enabling rapid adaptation to in-

dividual biomechanical patterns[118].

The integration of GPR and MPC presents a compelling 
strategy for precise control of McKibben-type pneumatic 
muscle-driven antagonistic joints. By adaptively modeling sys-
tem uncertainties and feeding both predicted means and uncer-
tainty bounds into the MPC optimizer, this hybrid approach can 
improve control accuracy while reducing reliance on extensive 
precollected training datasets.

5. Flexible actuators and flexible wearable robot 
design

5.1 Global contributions to wearable robotics: institutions, 
research initiatives, and applications

Wearable robots, designed to support, restore, or enhance human 
mobility, have gained significant attention from leading research 
institutions worldwide. Several prominent organizations—includ-
ing NASA, DARPA, the BioRobotics Institute at the Sant’Anna 
School of Advanced Studies, Harvard University, the SPEXO team 
under the European Union, the Aspire Create team in the United 
Kingdom, and Stanford University—have made substantial contri-
butions to advancing wearable robotic technology. Their research 
covers diverse areas such as human–robot interaction, flexible 
actuation mechanisms, control methodologies, and optimization 
techniques aimed at improving human movement efficiency.

5.1.1 NASA’s Johnson Space Center

NASA’s Johnson Space Center has been at the forefront of de-
veloping wearable robotic exoskeletons, primarily to prevent 
muscle atrophy and bone loss in astronauts during prolonged 
space missions. As illustrated in Figure 6, these exoskeletons 
function as alternatives to traditional, bulky exercise equipment 
on space stations, thus optimizing space utilization and astro-
naut health[126]. To enhance astronauts’ ability to manipulate 

objects in microgravity, NASA has also engineered space gloves 
that improve grip strength. Furthermore, the center has designed 
wearable assistive devices with independently controlled shoul-
der and elbow joints, which enhance upper-limb dexterity in 
confined environments[127]. NASA’s long-term goal is to adapt 
these technologies for civilian applications, such as reducing 
fatigue and repetitive stress injuries, assisting individuals with 
mobility impairments, and augmenting human performance[128].

5.1.2 DARPA’s Warrior Web project

DARPA launched the Warrior Web project, which focuses on 
developing a lightweight, soldier-worn robotic system that func-
tions similarly to a diving suit[129]. This system aims to mitigate 
musculoskeletal injuries in battlefield environments while en-
hancing combat performance. The project is divided into:

	 •	Task A, which explores 5 core technological aspects: injury 
mitigation, integrated system characterization, renewable 
actuation, adaptive sensing and control, and human–ma-
chine interaction.

	 •	Task B, which integrates these technological advancements 
into a fully functional, wearable robotic system for soldiers.

5.1.3 The BioRobotics Institute’s Wearable Robotics 
Laboratory

The BioRobotics Institute at the Sant’Anna School of Advanced 
Studies in Pisa, Italy, is one of the pioneering research centers 
in wearable robotics[130–132]. The institute houses 10 specialized 
laboratories and 8 primary research domains. It has developed 
numerous wearable robotic prototypes, including human– 
machine-integrated prosthetic hands, exoskeletons for upper 
and lower limb assistance, and wearable robotic footwear[133–135], 
as illustrated in Figure 7.

5.1.4 Harvard University’s Biodesign Laboratory

Harvard University’s Biodesign Laboratory specializes in the 
development of flexible wearable robots using functional tex-
tiles[14,16]. Since 2008, the lab has contributed significantly to 
wearable robotics research, publishing seminal studies on the 
metabolic cost reduction through soft exosuits[136–139] and wear-
able robots for gait rehabilitation in stroke patients[140].

This lab has designed and developed flexible wearable robots 
targeting different populations using functional textiles as the 
main material, and has published dozens of classic articles since 
2008[137,138]. The flexible wearable robots that reduce metabolism 
during walking or running and the flexible wearable robots used 
for gait recovery in stroke patients have been published in the 
journals Science, Science Robotics, and Science Translational 
Medicine. As shown in Figure 8, the wearable robot designed 
by the team is characterized by using Bowden cable drive. Its 
main advantage is that the wearer’s joints are not constrained by 
external rigid structures, and it is lightweight, just like ordinary 
clothing, which can interact with the human body more natural-
ly. The main research directions of the laboratory are functional 
textiles, lightweight and effective drivers, wearable sensors, intu-
itive and robust control methods, etc. Recent representative ad-
vances from this lab and collaborators include a study showing 
soft robotic apparel averting freezing of gait in Parkinson dis-
ease[141], a field evaluation where an active back exosuit reduced 
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back muscle activation during an hour-long order-picking 
task[142], and an inpatient feasibility study that updated the Lab’s 
hip flexion exosuit for therapist-driven stroke rehabilitation[143].

5.1.5 The SPEXO project

The SPEXO project is an EU Horizon 2020-funded initiative 
dedicated to developing wearable robotic solutions for indi-
viduals suffering from back pain. This multidisciplinary team 
consists of medical professionals and engineers from multiple 
European countries. They have successfully developed a hybrid 
wearable system that integrates both passive and active compo-
nents[144–146] as shown in Figure 9.

5.1.6 The Aspire Create Team

The Aspire Create Team, formed in collaboration between 
Aspire Charity, University College London, and the National 

Orthopaedic Hospital, was established in 2014 with the aim of 
improving the quality of life for individuals with spinal cord in-
juries. As depicted in Figure 10, the team has developed assistive 
technologies, including cough assist machines and smart wheel-
chairs for rehabilitation[147,148], with a focus on human–machine 
interaction and shared-control systems; recent outputs extend 
this line of work by presenting a modular smart-wheelchair ar-
chitecture with built-in assistive features[149], demonstrating a 
time-of-flight-based shared-control “table-docking” method on 
a prototype power wheelchair[150], and outlining an equitable 
shared-control framework that personalizes assistance policies 
for assistive robotics[151].

5.1.7 Stanford’s Neuromuscular Biomechanics Laboratory

Stanford’s Neuromuscular Biomechanics Laboratory investi-
gates human muscle function and movement mechanics, develop-
ing medical technologies to enhance human performance[152,153]. 

Figure 6.  Examples of wearable robotic systems for space applications. Illustrations are created by authors based on the works in (A) Ref. [126] and (B) Ref. [127]

Figure 7.  Wearable robots developed by the Sant’Anna School of Advanced Studies in Pisa [135]. Copyright 2020, The Authors.
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One of its most impactful contributions is OpenSim, a software 
tool used for human musculoskeletal modeling, kinematic and 
dynamic analysis, mechanical design, and control optimiza-
tion[154–156]. Many wearable robot research projects utilize Open-
Sim for preliminary simulations[157]. Additionally, the Open 
Knee software is specifically designed for finite element model-
ing and simulation of knee joint biomechanics[158]. More recent-
ly, the lab introduced OpenCap[159], an open-source platform 
that computes 3D kinematics and dynamics from synchronized 
smartphone videos, expanding access to movement analysis, 
and leveraged simulation to identify touchdown kinematics that 
influence top sprinting speed, highlighting translational links to 
performance coaching[160].

5.1.8 Other research institutions

Beyond these major research institutions, several other orga-
nizations have made notable contributions to wearable robot-
ics. The British Association of Spinal Surgeons (BASK) focuses 
on knee joint biomechanics and surgical interventions, with 
its journal, The Knee, serving as a key platform for publish-
ing research on knee mechanics, rehabilitation strategies, and 
wearable robotic technologies; it is the official publication of 
BASK and has recently published joint BASK–EKS consensus 
statements relevant to current clinical practice[161,162]. Similar-
ly, the General Hospital of the Guangzhou Military Region 
in China has conducted extensive research on knee joint re-
habilitation, particularly in the development of personalized 
3D-printed wearable titanium plates for postsurgical recovery 
in knee tumor patients[163–165]. These contributions, along with 

research from leading institutions worldwide, underscore the 
wide-ranging applications of wearable robots. These technolo-
gies are increasingly employed to reduce physical strain in in-
dustrial workers, facilitate stroke rehabilitation, and optimize 
human metabolic efficiency during movement, while also being 
leveraged for sports performance enhancement, military appli-
cations, aerospace missions, and everyday assistive technolo-
gies[166–170]. As wearable robotics continues to evolve, ongoing 
advancements in material innovation, actuation strategies, and 
control optimization are crucial to expanding its impact across 
multiple disciplines and unlocking its full potential.

5.2 Advancements in wearable robot actuators: from rigid 
exoskeletons to flexible TPU-based systems

The research efforts of the aforementioned institutions demon-
strate the broad and diverse applications of wearable robots. 
These systems are employed not only to reduce physical strain 
in workers, facilitate rehabilitation for stroke patients, improve 
the athletic ability of athletes, and enhance movement effi-
ciency by lowering metabolic energy consumption, but also in 
areas such as sports performance enhancement, military opera-
tions, aerospace exploration, and assistive technologies. Given 
this wide scope, further research into the technical challenges 
and optimization strategies of wearable robots is crucial for 
expanding their capabilities and applicability across multiple 
fields.

Early wearable robotic systems were predominantly rigid 
exoskeletons[171,172], incorporating motor-driven actuators, link-
age mechanisms, transmission mechanisms, and clutch spring 
systems[173–175]. Although rigid exoskeletons can provide effective 
movement assistance, their large weight and limited mechanical 
degrees of freedom constraints often interfere with the user’s 
natural biomechanics movement behavior[176,177]. Additionally, 
these systems increase user’s metabolic energy expenditure[178,179], 
making prolonged use physically demanding. A notable limita-
tion of the rigid exoskeletons is seen in knee joint devices, where 
the fixed rotational axis of the exoskeleton fails to align with 
the dynamic, shifting axis of the human knee during various 
movement[179]. This misalignment can lead to skin irritation, in-
creased joint loading, and long-term joint degradation, elevating 
the risk of arthritis for wearers[180,181]. Additionally, the high cost, 
complex structural design, and difficulty in control further hin-
der the widespread adoption of rigid exoskeletons[171,178]. Conse-
quently, there is a strong demand for lightweight, cost-effective, 
and easily controllable flexible wearable robots.

Flexible actuators have become a key focus in wearable ro-
botics research[182–184], with scientists increasingly exploring 
functional materials for actuator development. Some promis-
ing materials include shape-memory alloys (SMAs), which can 
alter their shape in response to temperature or magnetic field 
changes[185], and electroactive polymers, which generate torque 
through high-voltage stimulation[186]. However, both materi-
al types require specialized operating conditions, such as high 
temperatures or high voltages, which raise safety concerns for 
wearable applications. Another widely used flexible actuator 
is the Bowden cable system, which has been successfully inte-
grated into wearable robots. However, due to the linear mo-
tion mechanism of cables, this type of wearable robot requires 
additional rigid components, such as metal frames and gear 
conversion mechanisms to convert linear forces into rotation-
al motion, thereby achieving rotational motion assistance for 
joints[46,139,187].

Figure 8.  Author-created schematic representation of wearable robots de-
veloped by the Harvard Biodesign Laboratory based on studies by Kim et 
al.[137] and Quinlivan et al.[139] The devices employ Bowden cable–driven actu-
ation to assist movements such as hip flexion/extension and plantar flexion, 
featuring functional textiles, lightweight actuators, wearable sensors, and in-
tuitive control strategies.
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Pneumatic actuators have attracted a lot of interest in the 
field of wearable robots due to their characteristics, such as 
small mass, low cost, skin friendliness, and deformability[188–190]. 

Among them, the McKibben-type artificial muscles have been 
widely studied for their ability to generate high force outputs. 
However, their application in wearable robotics remains limited, 

Figure 9.  Wearable robot developed by the SPEXO team[146]. Copyright 2018, The Authors.

Figure 10.  Author-created schematic illustration based on the work of the Aspire Create Team[147,148], illustrating wearable robots for (A) cough assistive device 
and (B) vibrotactile wheelchair navigation.
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as they still require linear-to-rotational motion conversion mech-
anisms[191,192]. To address this limitation, researchers have modi-
fied the McKibben-type actuators to develop the fiber-reinforced 
pneumatic actuators, which can directly produce bending mo-
tion without the need for rigid motion conversion mechanisms[8]. 
Despite their advantages, both the McKibben-type and the fiber-
reinforced actuators depend on high gas pressure drive systems, 
introducing potential safety concerns in wearable applications. 
Additionally, other researchers have proposed rigid-flexible hy-
brid bending actuators[193,194], but their complex manufacturing 
process limits their practicality for widespread adoption.

TPU has emerged as a promising material for flexible ac-
tuators, widely used in airbags and food packaging due to its 
lightweight, cost-effective, and low-pressure operation. TPU 
actuators present significant potential in wearable robotics, as 
they are easily shaped and can provide assistance safely at low 
pressure. Recent studies have explored TPU-based actuators for 
wearable applications.

5.2.1 Mathematical modeling of TPU-based soft actuators

To quantitatively capture the performance of pressurized bend-
ing TPU actuators, a quasistatic model can be formulated from 
virtual work principles:

 τact (P, θ) = P
∂V (θ)

∂θ
− cθ θ̇ − τfric  � (4)

where P  is the chamber pressure, V (θ) the internal chamber 
volume as a function of bend angle θ, cθ a viscous damping 
coefficient, and τfric a lumped friction/hysteresis term. This 
pressure–geometry leverage concept is foundational in soft 
pneumatic actuator literature and is summarized in the com-
prehensive review by Xavier et al.[195] For actuators using linear 
end-effector motion (eg, strap or tendon interfaces), an anal-
ogous force model,Fact (P, s) =

P∂V
∂s − cs ṡ− Ffric, where s is 

displacement.
Embedding this actuator model into a dynamic joint-level 

framework gives:

 Iθ̈ + bθ̇ + τload

(
θ, θ̇

)
= τact (P, θ)  � (5)

with joint inertia I, passive damping b, and application-specific 
load torque τload. This dynamic structure aligns well with mod-
eling approaches for fiber-reinforced elastomer actuators as de-
scribed by Polygerinos et al.[8].

Crucially, geometric factors—such as chamber layout, wall 
thickness, and fiber orientation—determine ∂V/∂θ and thus in-
fluence actuator torque generation, which supports design op-
timization to balance motion and force—insights supported in 
Polygerinos et al.[8] and related modeling studies[196].

5.2.2 Applications of TPU-based actuators in wearable 
robotics

As shown in Figure 11A, Natividad et al. developed a reconfig-
urable pneumatic bending actuator with replaceable inflation 
modules that can achieve bending motion assistance at various 
angles by adjusting the number of modules. However, its output 
force is insufficient to provide sufficient motion assistance for 
wearable robots[197]. Meanwhile, Nesler et al.[198] introduced a 
self-intersecting pneumatic actuator capable of generating joint 
torque to assist human movement, but its airflow efficiency 
during inflation and exhaust processes is low at large bending 
angles (Figure 11B).

Some researchers have applied TPU-based actuators to 
wearable robots. As illustrated in Figure 11C, Natividad and 
Yeow[199] designed a TPU fiber beam-driven shoulder wearable 
robot for the rehabilitation of patients with cerebral palsy. Sim-
ilarly, as shown in Figure 11D, O’Neill et al.[200] developed a 
TPU-actuated soft shoulder wearable robot, but the 2 air cham-
bers at the far end of the soft wearable robot provided minimal 
torque assistance

Besides that, the TPU-based actuators have been investigat-
ed for lower-limb wearable applications[201]. As depicted in Fig-
ure 12, Sridar et al.[202,203] designed a knee exosuit driven by the 
TPU actuator, which could provide knee joint assistance torque 
to the wearer during walking as needed. However, the assistance 
torque (4.4 Nm with 2 actuators) generated by this TPU actu-
ator is limited, which restricts its ability to support other joint 
movements effectively. Fang et al.[201] proposed a novel design 
of foldable pneumatic bending actuators (FPBAs), which could 
produce torque by the inflation or interactive compression of 
their interconnect air chambers with no airflow restriction oc-
curring at any bending angle. A knee exosuit equipped with the 
FPBAs was also designed and has been used in the area of knee 
rehabilitation training.

To fully leverage TPU-based pneumatic actuators in wearable 
robotics, further refinements in structure and mechanical prop-
erties are required. Future research should focus on enhancing 
actuation efficiency, increasing output torque, and improving 
airflow control, ensuring that TPU actuators can meet the func-
tional demands of wearable robotic applications.

Beyond actuator performance, sustained operation without 
tethered power remains a major challenge for wearable robots. 
Energy autonomy is increasingly addressed through advanced 
harvesting technologies. Fully autonomous exoskeleton pro-
totypes integrate multisource energy capture and storage[204]. 
At the joint level, self-powered and self-sensing knee negative-
energy harvesters recover energy from gait without impeding 
motion[205]. Recent reviews[206] and hybrid electromagnetic–
triboelectric harvesters[207] highlight the potential of combining 
modalities to extend untethered operation.

Despite significant progress in this area, many challenges 
remain in achieving widespread adoption and optimized func-
tionality. One key avenue for future research is the integration 
of TPU actuators with advanced sensor networks to improve 
real-time adaptability. By incorporating force, pressure, and mo-
tion sensors, TPU-based actuators could respond dynamically 
to user movements, enhancing their ability to provide person-
alized assistance. Additionally, developing closed-loop control 
strategies that incorporate real-time biofeedback data could 
significantly improve the effectiveness of wearable robots for 
rehabilitation and assistive applications.

Another promising area for research is the optimization of 
TPU actuator designs to improve force output and efficiency. 
Current TPU actuators still struggle with limited torque gener-
ation, preventing them from replacing bulkier actuation mech-
anisms in wearable robots. Future work should explore new 
structural designs, such as multichamber inflation systems and 
variable stiffness configurations, to increase torque while main-
taining flexibility. Enhancing material formulations to improve 
TPU durability and elasticity would also contribute to more re-
liable long-term performance.

Energy efficiency is another critical factor influencing the 
feasibility of TPU-based wearable robots for real-world appli-
cations. Future research should focus on developing energy-
efficient drive systems, including low-power pneumatic pumps 
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and optimized air compression mechanisms. Additionally, ex-
ploring hybrid power solutions, such as integrating TPU actu-
ators with energy-harvesting technologies like piezoelectric or 
triboelectric generators, could extend operational time without 
requiring frequent recharging.

Expanding the range of applications for TPU-based wearable 
robots is also a crucial consideration for future studies. While 
TPU actuators have primarily been explored for rehabilitation 
and assistive devices, they could also be applied to sports perfor-
mance enhancement, industrial exoskeletons, and space explo-
ration. The development of TPU-based wearables for enhancing 
athletic performance, preventing workplace injuries, and sup-
porting astronauts in microgravity environments could further 
push the boundaries of this technology.

In conclusion, TPU-based actuators present a highly promis-
ing alternative to traditional rigid and hybrid actuation mecha-
nisms in wearable robotics. However, further advancements in 
material properties, structural optimization, real-time sensing, 
and energy efficiency are necessary to unlock their full poten-
tial. By addressing these challenges, researchers can develop 
next-generation wearable robots that are lightweight, comfort-
able, and highly adaptable, ultimately enhancing human mobil-
ity, rehabilitation, and overall quality of life.

To place these developments in a broader context, the follow-
ing section compares TPU-based actuators with other common 
actuation methods used in wearable robots. This quantitative 
overview highlights the trade-offs in force output, weight, pow-
er requirements, and controllability, providing a framework for 

understanding where TPU actuators excel and where further 
improvement is needed.

5.2.3 Quantitative comparison of actuation methods in 
wearable robotics

Wearable robots employ a variety of actuation technologies, 
each offering distinct advantages and limitations depending on 
the target application. Table 1 summarizes key performance 
metrics—such as specific torque, response time, control com-
plexity, power source requirements, and mechanical compli-
ance—for several widely used actuation types, including rigid 
electromechanical systems, Bowden cable–driven actuators, 
SMAs, pneumatic McKibben-type artificial muscles, fiber-
reinforced pneumatic actuators, and TPU-based pneumatic 
actuators.

Rigid electromechanical actuators typically provide high 
torque and precise control but are heavy, rigid, and energeti-
cally costly, limiting long-duration wear. Bowden cable systems 
reduce weight at the joint but require bulky off-board actua-
tion units and complex force transmission mechanisms. SMAs 
offer compact form factors but suffer from slow response 
times, high power consumption, and thermal safety concerns. 
McKibben-type and fiber-reinforced pneumatic actuators pro-
vide lightweight, compliant motion assistance but require 
high-pressure pneumatic sources, which add bulk and reduce 
portability. TPU-based pneumatic actuators, in contrast, can 
operate effectively at lower pressures, are lightweight, and are 

Figure 11.  (A, B) Author-created schematic of TPU flexible actuators based on the studies by Natividad et al.[197] and Nesler et al.[198]. (C, D) Author-created 
simplified illustrations of TPU-based wearable robots positioned at the shoulder, based on the studies by Natividad and Yeow[199] and O’Neill et al.[200].
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easy to fabricate; however, they currently produce lower peak 
torques and require further optimization in mechanical efficien-
cy and durability.

By comparing these actuation technologies side-by-side, it 
becomes evident that TPU actuators strike a favorable balance 
between compliance, safety, and manufacturing simplicity, mak-
ing them especially suitable for applications where comfort, low 
cost, and user safety are prioritized over maximum torque. How-
ever, for high-load applications such as heavy-lifting industrial 
exoskeletons or military-grade assistive devices, higher-torque 
actuation systems may still be preferable until TPU actuator per-
formance is further enhanced.

5.3 Summary of advances in materials and actuation

Advances in wearable medical robotics are strongly driven by 
innovations in both material systems and actuation strategies. 
Material choice affects comfort, safety, and durability, while 
actuator selection determines achievable force, control preci-
sion, and efficiency. Optimal designs often require coordinated 
selection of materials and actuators to meet specific clinical and 
assistive needs.

Figure 13 provides a schematic overview of commonly used 
material classes and actuation methods, illustrating their rela-
tionships, performance ranges, and example applications. Ta-
ble 2 summarizes key material categories, and Table 3 compares 
actuation strategies, outlining their advantages, limitations, and 
representative devices, with multiple literature sources for each. 
Together, these resources offer a consolidated reference to guide 
design decisions and highlight trends toward hybrid, sensor-
integrated, and portable systems.

6. Future work prospects

The future of wearable robotics holds immense potential, with 
several key areas requiring further exploration and advancement. 
As the field evolves, researchers must address challenges related 
to optimization, comfort, intelligence, and energy efficiency to 

fully unlock the capabilities of wearable robots in various appli-
cations, including healthcare, industry, and daily life.

One crucial research direction is the development of an in-
tegrated simulation platform that streamlines the optimization 
of wearable robots. By combining human biomechanical anal-
ysis, human–machine interaction modeling, and advanced op-
timization algorithms, such a platform would enable efficient 
testing and refinement of designs before physical prototyping. 
This approach could significantly reduce development costs 
and accelerate innovation by allowing researchers to conduct 
detailed simulations of movement dynamics, actuator perfor-
mance, and control strategies within a virtual environment. The 
integration of AI-driven optimization techniques would further 
enhance the ability to design wearable robots that are person-
alized, adaptable, and highly efficient. Future research should 
explore the incorporation of real-time data from wearable sen-
sors into simulation frameworks, allowing for adaptive virtu-
al testing environments that can evolve based on user-specific 
biomechanics.

Another critical area of research is improving the comfort 
and biomechanical integration of wearable robots. The long-
term success of these devices depends on their ability to assist 
movement without restricting natural biomechanics or causing 
discomfort. Current designs often introduce bulkiness, rigidity, 
or misalignment issues that interfere with the wearer’s move-
ment. Future efforts should focus on refining the structural 
design of flexible actuators, making them lighter, more adapt-
able, and better integrated with the human body. The goal is 
to create wearable robots that feel as natural as clothing, of-
fering movement assistance without imposing additional strain. 
Advancements in soft materials, lightweight actuator designs, 
and ergonomic attachment methods will be essential to improv-
ing both usability and user experience, ensuring that wearable 
robots can be comfortably worn for extended periods without 
disrupting daily activities. Additionally, the use of advanced 
computational modeling to predict pressure distribution and 
movement adaptation will enable the development of exosuits 
that minimize discomfort and maximize efficiency.

Figure 12.  TPU wearable robot at the knee joint[202] . Copyright 2018, The Authors.



Fang et al. • Volume 2 • Number 4 • 2025	 www.precisionnutritionjournal.com

211

To further enhance functionality, the integration of intelli-
gent sensing and human intention recognition technologies into 
wearable robotics will be pivotal. By leveraging high-resolution 
sensors, machine learning algorithms, and neural interfaces, 
wearable robots could interpret a user’s movement patterns, 
muscle activity, and environmental feedback to predict intent in 
real time. This would ensure a more natural and intuitive in-
teraction between the device and the human body, allowing for 
seamless movement assistance that enhances mobility without 
unnecessary constraints. Intelligent control systems could also 
improve safety by detecting potential misalignments or fatigue in 
users, making wearable robots more responsive and adaptable to 
different conditions. Future studies should focus on multimodal 
sensor fusion, where different types of sensing—such as IMUs, 
EMG, and electroencephalography—are combined to improve 
intent detection accuracy and enable real-time adjustments.

Beyond these immediate research priorities, several emerg-
ing areas could shape the next generation of wearable robots. 
The development of energy-efficient and self-powered actuation 
mechanisms, such as piezoelectric or triboelectric generators, 
could extend battery life and reduce reliance on external power 
sources, making wearable robots more practical for daily use. 
Research into flexible and stretchable energy storage systems, 
such as bioinspired supercapacitors and lithium-based thin-film 
batteries, could lead to significant breakthroughs in power au-
tonomy. Additionally, advancements in energy-harvesting tech-
nologies, including thermoelectric generators that utilize body 
heat, could enable self-sustaining wearable robotic systems that 
require minimal recharging.

Personalized and adaptive wearable robotics, equipped with 
machine learning algorithms, could dynamically adjust to an 

individual’s biomechanics, gait patterns, and rehabilitation 
needs, offering a level of customization previously unattain-
able. By integrating predictive modeling with real-time user 
data, future wearable robots could continuously learn from 
user-specific patterns and optimize assistance strategies accord-
ingly. Additionally, the integration of multimodal human–ma-
chine interfaces, including BCI, EMG, and haptic feedback, 
could further enhance control precision and user experience, 
allowing for more seamless and intuitive interactions. Research 
into hybrid neural control mechanisms, where direct neural sig-
nals are combined with biomechanical sensing, could provide 
unprecedented levels of fluidity and responsiveness in robotic 
assistance.

Advances in biomimetic soft robotic materials that mimic hu-
man muscle function could also revolutionize actuator technol-
ogy, enabling more fluid, natural movement assistance. Current 
actuator technologies often struggle to replicate the speed, force 
output, and compliance of biological muscles. Future work 
should explore new classes of materials, such as electroactive 
polymers and SMAs, to develop actuators that closely resemble 
the mechanical properties of human tissue. Additionally, biohy-
brid robotics—integrating living muscle cells with engineered 
robotic structures—could provide an alternative pathway for 
creating actuators that exhibit natural movement characteristics.

Pushing beyond purely synthetic biomimetic materials, re-
searchers are now exploring biohybrid actuators that com-
bine living muscle tissue with engineered robotic structures. 
Biohybrid actuators are progressing toward wearable inte-
gration. Bioinspired designs integrating muscle tissue with 
engineered scaffolds have been reviewed extensively[214], 
and neurotechnology-based biohybrid robots demonstrate 

Table 1

Comparison of common actuation methods in wearable robotics.

Device/actuation Joint/task
Peak assist 
or torque Drive/pressure

Metabolic change 
vs no-assist

Other quantified 
outcomes Control method Actuator type Source

Portable soft 
exosuit 
(Bowden cables, 
autonomous)

Hip and ankle; 
walk 1.5 m s-1; 
run 2.5 m s-1

– Electromech (remote 
via Bowden cables)

−9.3% (walk), 
−4.0% (run)

Automatic walk↔run mode 
switching

Phase-synchronous 
force control (auto 
mode detection)

Cable-driven 
textile

[137,208]

HIL optimized soft 
exosuit

Hip; level walking 
≈1.25 m s-1

≈216 N hip 
cable force 
(≈2.84 N/
kg)

Electromech cables −17.4 ± 3.2% Bayesian optimization 
converged ≈21 min

HITL Bayesian 
optimization 
(timing and 
magnitude)

Cable-driven 
textile

[46,209,210]

Inflatable soft 
shoulder exosuit

Shoulder abduction 
during industrial 
tasks

Up to  
6.6 Nm

Low-pressure portable 
inflatable

– Deltoid EMG decreased 
up to ~40%; torque–
pressure curves

PID/pressure 
regulation

Fabric 
inflatable

[14,130,211]

TPU soft-inflatable 
knee exosuit

Knee extension 
assist (swing)

≈4.4 Nm (2 
actuators)

Low-pressure TPU 
pneumatic

– Quadriceps sEMG 
reductions; actuator and 
controller models

Feedforward + PID Soft TPU 
pneumatic

[202,203]

Rigid knee 
exoskeleton 
(clutch spring/
quasi-passive)

Knee; descent/
running 
assistance 
prototypes

– Mechanical clutch 
spring/motorized 
tuning

– Rise time/bandwidth and 
descent assistance 
characterized

Torque/impedance 
style control

Rigid (quasi-
passive/
motor-
tunable)

[173,174]

Ankle exosuit 
(loaded walking)

Ankle; loaded 
walking

– Electromech 
(tethered/portable 
depending on 
study)

≈ 7%–10% 
reduction 
reported in 
loaded walking

Net assist power reported; 
assistance at push-off

Phase/finite-state 
timing control

Cable-driven/
electric

[49,139]

Accordion-fold 
pneumatic knee 
exosuit (FPBA)

Knee flexion/
extension (static 
posture assist/
rehab)

Up to ~25.7 
Nm @ ~40 
kPa (bench)

Low-pressure 
pneumatic (≈≤40 
kPa); pressure 
sensor feedback

– Quadriceps sEMG 
decreased up to ~64%; 
increased persistence 
time (static holds)

On/off control Foldable fabric 
pneumatic 
(TPU)

[201,212,213]

HIL, human-in-the-loop; sEMG, surface electromyography.
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Figure 13.  Author-created schematic illustration of representative wearable medical robotic device placements on the human body (A), along with advances in 
materials (B) and actuation strategies (C).

Table 2

Materials used in wearable medical robotics.

Material class
Typical form/examples in 

wearables Advantages Disadvantages
Representative wearable 

uses
Example 

references

Functional textiles and fabric 
laminates

Woven/knit textiles with 
integrated tendon paths; 
fabric bladders

Breathable, conformal, 
lightweight, washable; user 
comfort

Limited peak force 
transmission; wear-and-
tear from repeated washing

Soft exosuits for hip/ankle 
assistance; shoulder 
inflatable garments

[14,136,137,139]

TPU 3D-printed/laminated 
pneumatic chambers; 
straps

Low-pressure actuation; easy 
shaping; low cost; good 
toughness

Lower torque than high-
pressure elastomers; air 
leakage risk at folds/seams

Soft shoulder and knee 
exosuits; foldable 
pneumatic bending 
actuators

[10,11,199–203]

Elastomers for soft pneumatics 
(eg, silicones)

Cast fiber-reinforced 
elastomer actuators 
(FREAs), vacuum muscles

High compliance; large strain; 
biocompatible grades 
available

Higher actuation pressure; 
heavier than textiles; 
sealing complexity

Bending/contracting soft 
joints, grippers; rehab 
devices

[8,188–190,195]

Fiber-reinforced composites (in 
soft actuators)

Helical/axial fibers embedded 
in elastomer walls

Reinforcement directs 
deformation; boosts force 
output

Requires precise fabrication; 
less stretchable than 
unreinforced elastomers

Programmed bending/
extension; joint assistance

[8,196]

SMAs Wires/springs embedded in 
textiles or linkages

High specific work; compact 
form factor

Heating/cooling latency; 
thermal safety concerns; 
limited stroke

Lightweight assist modules; 
small-stroke devices

[185]

Electroactive polymers (EAPs) Dielectric elastomer or ionic 
polymer actuators

Muscle-like compliance; silent 
operation

High voltage (dielectric) or 
hydration control (ionic); 
limited force

Emerging soft actuation 
modules

[186]

Origami/composite laminates Paper-elastomer or polymer 
origami shells

Programmable kinematics; 
lightweight; compact 
storage

Durability/fatigue issues at 
folds; sealing challenges

Fold-based bending/
contracting elements

[9,184,194]

Integrated sensing materials Flexible, multifunctional sensor 
laminates

Enables strain/pressure/EMG 
integration; robust to wear

Adds fabrication complexity; 
potential signal drift over 
time

On-body intent sensing, HIL 
optimization inputs

[5]

Biohybrid and living-tissue 
composites (emerging)

Muscle-on-scaffold actuators; 
embedded electrodes

High efficiency; biological 
compliance

Still lab-stage; requires cell 
culture and maintenance

Long-term: biohybrid assist 
modules

[214–218]

Energy-harvesting and storage 
materials (supporting wear)

Triboelectric/electromagnetic 
harvesters; thin-film 
storage

Extends autonomy; can power 
sensors

Output depends on motion; 
may not meet high-power 
actuator demands

Joint/hip harvesters; portable 
systems

[204–207]
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closed-loop control capabilities[215]. Compact biohybrid actu-
ators with embedded electrodes[216], portable electrical stim-
ulators[217], and skeletal muscle–powered bipedal robots[218] 
exemplify the path from laboratory prototypes to functional 
wearable modules.

The future of wearable robotics also extends to applications 
beyond human movement assistance. In industrial settings, 
wearable robots could enhance worker endurance and reduce 
injury risks by providing ergonomic support during repetitive 
or physically demanding tasks. In sports science, exoskeletons 
and assistive suits could be designed to enhance athletic per-
formance and optimize training regimens. Moreover, in space 
exploration, wearable robotics could play a crucial role in 
counteracting the effects of microgravity on muscle atrophy 
and bone density loss.

As research progresses in these directions, wearable robots 
will continue to evolve from assistive devices into intelligent, 
seamlessly integrated augmentation systems capable of enhanc-
ing mobility, rehabilitation, and overall human performance 
across diverse applications. By addressing the challenges of op-
timization, comfort, intelligence, and energy efficiency, wearable 
robotics will not only improve quality of life but also redefine 
the boundaries of human–machine interaction. To fully realize 
this vision, interdisciplinary collaboration between robotics, 
biomechanics, materials science, and AI will be essential, ensur-
ing that wearable robots can seamlessly adapt to the needs of 
users across different environments and applications.

7. Conclusion

Wearable robotics has made remarkable progress, offering sig-
nificant potential for movement assistance, rehabilitation, and 
performance enhancement. However, several key challenges 
remain. The lack of a unified theoretical framework limits the 
optimization and personalization of these systems, while the 
absence of standardized design methodologies increases devel-
opment complexity and costs. Additionally, although flexible 
actuators provide greater compliance and user comfort, inte-
gration challenges and energy efficiency limitations must be ad-
dressed to maximize their effectiveness.

Advancements in biomechanical modeling, optimization al-
gorithms, and flexible actuation technology will be critical in 
overcoming these barriers. By refining human–machine interac-
tion models, improving simulation-driven design, and enhanc-
ing adaptive control mechanisms, wearable robots can become 
more intuitive, efficient, and accessible. Future efforts should 
focus on developing hybrid actuation systems that combine the 
strengths of both rigid and flexible actuators to achieve superior 
performance while maintaining lightweight and ergonomic de-
signs. Additionally, integrating real-time physiological monitor-
ing into wearable robotics will allow for intelligent adaptation 
to user-specific movement patterns, minimizing discomfort and 
maximizing functionality.

Another promising avenue for progress is the incorporation 
of machine learning algorithms and AI in control strategies. 

Table 3

Actuation strategies in wearable medical robotics.

Actuation type

Typical 
implementations and 

examples Advantages Limitations Power source
Representative 

devices/contexts
Example 

references

Rigid electromechanical 
at joint

Motors/gearboxes, 
linkage transmission; 
clutch spring and 
variable stiffness

High torque and 
precision; mature 
control

Heavy, rigid; joint 
misalignment; higher 
metabolic cost

Batteries Rigid knee assist (clutch 
spring, quasi-passive)

[171–181]

Remote 
electromechanical via 
Bowden cables (soft 
exosuits)

Hip/ankle exosuits with 
textile interfaces and 
off-board motors

Light at joints; good 
comfort; strong 
clinical and metabolic 
evidence

Transmission losses; 
sheath friction; still 
needs powered pack

Batteries Portable hip/ankle 
exosuits; walk/run 
economy

[45,46,49,136,137,139,210]

McKibben pneumatic 
artificial muscles 
(PAMs)

Contractile braided 
muscles; antagonistic 
joints

High force-to-weight; 
compliant and safe

Hysteresis; 
pressure supply; 
linear→rotational 
conversion often 
needed

Compressed air/pumps Rehab devices; PAM 
antagonistic joints; 
controllers

[72,87–94,191]

Fiber-reinforced 
pneumatic bending 
actuators (FREAs)

Elastomer chambers 
withfiber wraps for 
bending

Direct bending torques; 
compliant

Typically higher 
pressure; nonlinear 
dynamics

Compressed air/pumps Joint assistance without 
rigid converters

[8,195]

TPU low-pressure 
pneumatic 
(soft-inflatable)

Laminated/printed TPU 
chambers; foldable 
designs

Low pressure; 
light; low cost; 
wearable-friendly

Lower peak torque; 
airflow limits 
at large bends 
(design-dependent)

Compact pumps Shoulder/knee exosuits; 
foldable actuators

[198–203]

Inflatable fabric exosuits 
(industrial shoulder)

Fabric bladders around 
shoulder

Portable, low-pressure, 
large user trials 
potential

Torque-limited vs rigid; 
pressure regulation 
needed

Compact pumps Industrial shoulder 
assistance, EMG 
reduction

[14,130]

SMA SMA wire/spring drives Compact, high specific 
work

Heating/cooling latency; 
thermal safety

Electrical heating Lightweight assist 
modules

[185]

EAP (electroactive 
polymer)

Dielectric/ionic polymer 
actuators

Soft, silent, muscle-like High-voltage (dielectric) 
or ionic constraints; 
limited force

High-voltage drivers 
or ionic

Emerging soft modules [186]

Quasi-passive elastic/
clutch systems

Springs + clutches to 
store/release energy

Very low power; 
lightweight

Limited net positive 
work; task-specific

Minimal Knee descent/running 
assistance

[173,174]

Origami vacuum/
pneumatic muscles

Fold-based contraction/
extension

Simple fabrication; large 
stroke

Force density varies; 
sealing/fatigue

Vacuum/pneumatic Lightweight assist 
elements

[184,190,194]
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These technologies could enable wearable robots to predict and 
respond to user movements dynamically, enhancing real-time 
assistance while reducing cognitive load on the wearer. Addi-
tionally, ensuring long-term usability and comfort through 
improved materials, breathable and ergonomic designs, and 
user-friendly interfaces will be essential in expanding wearable 
robotics beyond clinical and industrial applications into every-
day life.

As these innovations continue to evolve, wearable robotics 
is poised to transform healthcare, industrial applications, and 
daily activities, making seamless human augmentation a reality. 
By addressing the technical challenges that remain and fostering 
interdisciplinary collaboration, researchers and engineers can 
develop the next generation of wearable robots that are smart-
er, more efficient, and more accessible than ever before. In the 
coming years, the integration of advanced materials, intelligent 
control mechanisms, and energy-efficient actuators will play a 
decisive role in ensuring that wearable robotic systems reach 
their full potential, empowering individuals with enhanced mo-
bility and improved quality of life.
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