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S U R V E Y

A Survey on Soft 
Robot Adaptability

Soft robots, compared to rigid robots, possess inherent advan-
tages, including higher degrees of freedom, compliance, and 
enhanced safety, which have contributed to their increasing 
application across various fields. Among these benefits, adapt-
ability is particularly noteworthy. In this article, adaptability 
in soft robots is categorized into external and internal adapt-
ability. External adaptability refers to the robot’s ability to ad-
just, either passively or actively, to variations in environments, 
object properties, geometries, and task dynamics. Internal 
adaptability refers to the robot’s ability to cope with internal 
variations, such as manufacturing tolerances or material 
aging, and to generalize control strategies across different ro-
bots. As the field of soft robotics continues to evolve, the sig-
nificance of adaptability has become increasingly 
pronounced. In this review article, we summarize various ap-
proaches to enhancing the adaptability of soft robots, includ-
ing design, sensing, and control strategies. Additionally, we 
assess the impact of adaptability on applications such as sur-
gery, wearable devices, locomotion, and manipulation. We 
also discuss the limitations of soft robotics adaptability and 
prospective directions for future research. By analyzing adapt-
ability through the lenses of implementation, application, and 
challenges, this article aims to provide a comprehensive un-
derstanding of this essential characteristic in soft robotics and 
its implications for diverse applications.

INTRODUCTION
Soft robotics is a rapidly evolving field with an ever-expand-
ing range of applications. Due to inherent flexibility and 
compliance, adaptability is a significant advantage of soft ro-
bots. Early research in soft robot adaptability primarily ex-
plored the applicability of soft robots across various external 

environments and with different objects. For example, the 
complex nature of human anatomy necessitates that soft ro-
bots can conform to intricate bodily lumens while maintain-
ing safe interaction forces [1]. Similarly, soft locomotion 
robots have been tested on diverse terrains, e.g., different 
ground hardness [2] and humidity [3]. In addition to hard-
ware, algorithms also play a crucial role in maximizing the 
adaptability of soft robots. Intelligent strategies, such as rein-
forcement learning (RL) and learning from demonstration 
(LFD), endow robots with the ability to manipulate various 
objects [4] and achieve various tasks [5]. Furthermore, in-
stead of proposing dedicated sensing and control strategies 
for each hardware platform, it is crucial to propose adaptive 
algorithms that function across multiple platforms. Recently, 
researchers have begun developing algorithms that are robust 
to changes in robot hardware due to aging and transferable to 
hardware with different configurations. For instance, an 
adaptive controller can be utilized for robots with different 
stiffnesses caused by manufacturing tolerances [6]. An adap-
tive calibration approach applicable to a series of sensors has 
been introduced in [7], facilitating the sensor’s mass produc-
tion and long-term usage.

Building on the aforementioned works that emphasize soft 
robot adaptability, we propose the following definition for soft 
robot adaptability: adaptability in soft robots refers to their abil-
ity to actively or passively adjust to variations and disparities in 
diverse and dynamic environments, objects, tasks, and robot 
components. As illustrated in Figure 1(a), adaptability can be 
categorized based on its target: external adaptability, where 
soft robots adjust to different and changing objects and envi-
ronments, and internal adaptability, where adaptive algorithms 
are shown to be robust to variations in hardware parameters 
caused by manufacturing tolerances or aging and transfer-
able to hardware with different configurations. Examples of Digital Object Identifier 10.1109/MRA.2025.3584346 
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external adaptability include soft locomotion robots that can 
navigate various external environments [11] and soft hands 
that can manipulate objects of different shapes [12]. Internal 
adaptability is demonstrated in contact construction sensing 
algorithms showing robustness to soft sensors under various 
deformations [8], and adaptive control strategies dynamically 
update model parameters to transfer across soft robots with 
different stiffness levels [9].

External adaptability can be further categorized into 
passive and active adaptability, as explained in Figure 1(b). 
Passive adaptability refers to the soft robot’s intrinsic and nat-
ural response to environmental changes, primarily achieved 
through the robot’s soft materials or compliant structures. This 
is a characteristic unique to soft robots. For example, soft grip-
pers deform passively to conform to the shapes of different 
objects without dedicated active control [13]. In contrast, ac-
tive adaptability involves intended and actuated behaviors to 
accommodate changes in environmental conditions, requiring 
the integration of intelligent sensing and control software. An 

example is the algorithm proposed in [14], which determines 
the posture of a soft robotic hand to grasp objects with varying 
shapes and weights. Of note, active adaptability is not exclu-
sive to soft robots and can also be implemented in rigid-link 
robots. However, the unique characteristics of soft robots, in-
cluding their compact structures, surface deformation, and in-
ternal nonlinearities, introduce greater challenges for sensing 
and control. As a result, achieving active adaptability in soft 
robots is often more demanding than in rigid-link systems.

Internal adaptability includes the robustness and transfer-
ability of software or algorithms to accommodate variations 
in soft robot hardware. Variability in hardware properties, 
resulting from material aging and manufacturing toleranc-
es, represents an inherent limitation of soft robotic systems. 
When a robot system ages, continuing to use the same con-
trol algorithm may lead to degraded performance. Similarly, 
transferring the algorithm to another soft robot, even one with 
an identical design and fabricated using the same method, 
can result in reduced control accuracy due to manufacturing 

Sensing Algorithm [8]

Control Algorithm [9]

Sensor Body Design [8]

Robot Hardware Design [10]

Geometric and Dynamic
Variability [11]

Object Diversity [12]

Software Hardware

Internal
Adaptability

Soft Robotic System

External
Adaptability

Internal
Adaptability

Active Adaptability: Adaptation enabled by sensing and control algorithms that actively respond to various
and dynamic environments. Examples: external modeling [14], learning from demonstration [5]  

Passive Adaptability: Intrinsic adaptation that arises naturally from the soft materials or compliant design
of the robot, without relying on sensors or active control. Examples: compliance [8], morphology [13]

Robust Adaptability: The ability to handle internal variations, such as manufacturing tolerances or material
aging, through adaptive algorithms. Examples: calibration [7], online updating [6]
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FIGURE 1. (a) Adaptability in soft robotics can be categorized into external and internal adaptability. External adaptability refers to 
a soft robot’s ability to adjust to dynamic and varied environments. Internal adaptability refers to the ability of software to remain 
effective across soft robots with different parameters or configurations. (From [8], [9], [10], [11], and [12]; used with permission.) (b) The 
classification of external and internal adaptability. Passive adaptability refers to the robot’s natural response to environmental changes 
and object interactions, primarily enabled by the robot’s inherent material properties or compliant structural design. In contrast, active 
adaptability involves deliberate control-driven behaviors guided by intelligent algorithms to dynamically respond to external variations. 
Internal adaptability encompasses the capacity of adaptive algorithms to maintain performance despite hardware variations resulting 
from material aging or manufacturing tolerances and to transfer effectively across robots with differing physical parameters or material 
compositions. EIT: electrical impedance tomography; MWCNT: multiwalled carbon nanotube; SiO2: silicon dioxide.
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tolerances. Intelligent algorithms can, to some extent, miti-
gate these issues, such as controllers that compensate for dif-
ferences in stiffness among robots produced under the same 
conditions [6] and an adaptive sensor calibration strategy for 
mass production [7]. Beyond robustness, some algorithms can 
be transferred across different hardware, such as a controller 
transferable to soft robots with different module numbers [15] 
and different stiffness levels [16].

Compared to other surveys that cover the general aspects 
of soft robotics [17], [18], [19], this review article specifical-
ly highlights one of the most notable features of soft robots: 
adaptability. Using the Scopus database, we conducted an 
analysis of the number of publications related to soft robotics 
to reflect the field’s research activity. The results, displayed 
in Figure 2, show that soft robotics research has grown sig-
nificantly, as evidenced by a fivefold increase in publication 
numbers over the last 10 years. Concurrently, as the field has 
developed, adaptability has gained increasing importance, as 
shown by the rising ratio of publications on soft robot adapt-
ability compared to the total number of publications on soft 
robotics. Therefore, a review centered on adaptability is essen-
tial to summarize past research and provide insights into the 
future trajectory of soft robotics with this key feature in mind.

The remainder of the article is organized as follows. The 
“Robot Design for Adaptability” section examines research 
dedicated to enhancing adaptability through advancements in 
robot design. The “Sensing for Adaptability” section reviews 
progress in soft sensors and the development of correspond-
ing algorithms aimed at improving adaptability. The “Control 
Algorithms for Adaptability” section provides an analysis of 
controllers that contribute to soft robot adaptability, encom-
passing both model-based and model-free approaches. The 
“Soft Robots’ Adaptability Across Different Applications” 
section explores various applications that leverage and ben-
efit from the adaptability of soft robots. The “Limitations and  

Future Work” section concludes with a comprehensive dis-
cussion involving the limitations of this area and forecasting 
potential future directions for soft robotics. Finally, the “Con-
clusion” section summarizes the article.

ROBOT DESIGN FOR ADAPTABILITY
Recent advancements in materials science and robotics technol-
ogy have driven rapid progress in the field of soft robot adapt-
ability. Soft robot technologies, characterized by their intrinsic 
compliance and adaptability, are revolutionizing the design par-
adigm toward mechanical intelligence [20]. Robot design con-
tributing to soft robot adaptability is examined in Figure 3.

ROBOTIC ADAPTABILITY BASED ON COMPLIANCE 
REGULATION
Owing to the intrinsic compliance of soft materials and struc-
tures [27], many soft robots adapt to diverse environments 
and tasks through elastic deformation, adaptive configura-
tions [17], or multimodal functions [28]. Meanwhile, rigid 
adaptive robots traditionally achieve adaptability through re-
configurable modular designs [29]. Recent advancements in-
tegrate compliant mechanisms, such as elastic joints or 
deformable components, to reduce reliance on rigid parts and 
simplify actuation [30]. Hybrid approaches, combining soft 
robotic principles with rigid architectures, enhance external 
adaptability while retaining precision [31].

Shape transformation is critical for adaptive morphology in 
both soft and rigid robots. While soft robots leverage intrinsic 
compliance to adjust their shape, this flexibility often trades off 
against load capacity [24]. To address this, compliance custom-
ization strategies, such as spanning material, structural, and hy-
brid designs, enable tailored stiffness profiles for specific tasks 
[31]. For example, compliant mechanisms in rigid systems re-
place complex joints with elastic elements, enabling shape mor-
phing without sacrificing robustness [32]. Similarly, soft robots 

incorporate variable-stiffness materi-
als (e.g., jamming and phase change) 
to balance external adaptability and 
force transmission [33]. These strategies 
highlight complementary pathways to-
ward adaptable robotics, where soft and 
rigid paradigms converge through com-
pliance regulation principles in different 
dimensions. The compliance regulation 
strategies applied for adaptability in soft 
robotics are detailed as follows.

SPATIAL COMPLIANCE 
REGULATION: ENGINEERING 
DIRECTION-DEPENDENT 
ADAPTABILITY
Spatial compliance regulation harness-
es architected materials and structures 
to engineer robots with geometrically 
programmed stiffness, enabling exter-
nal adaptability through directional 
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FIGURE 2. The number of publications containing the keywords “soft robot” (red) and “soft 
robot adaptability” (dashed red), along with their ratio (blue). The data are based on search 
results from the Scopus database, limited to article title, abstract, and keywords. The figure 
illustrates the growing research interest in soft robotics, along with the increasing emphasis 
on adaptability as a key characteristic of soft robots.
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mechanical heterogeneity. Tensegrity systems, such as those 
proposed by Zappetti et al. [34], integrate tensile and com-
pressive elements to distribute compliance across predefined 
axes, while origami-inspired designs [35] leverage foldable 
creases to achieve spatially varying deformation modes. Me-
chanical metamaterials further extend this paradigm, embed-
ding anisotropic compliance into lattices or gradient 
architectures [36]. For example, auxetic lattices with negative 
Poisson’s ratios simplify control by passively guiding defor-
mation under load [37], whereas helicoidal structures opti-
mize physical performance by balancing compliance and 
rigidity [22]. By tailoring geometric stiffness, robots dynami-
cally adapt to diverse tasks and unstructured environments, 
demonstrating how spatial compliance regulation bridges 
passive mechanics and active functionality and finally 
achieves external adaptability.

TEMPORAL COMPLIANCE REGULATION: REAL-TIME 
STIFFNESS RECONFIGURATION
Building on spatial design, temporal compliance regulation 
introduces time-dependent stiffness modulation, allowing ro-
bots to reconfigure mechanical properties in response to di-
verse real-time demands and achieve external adaptability to 
different tasks. Phase-change materials (PCMs) exemplify 
this capability: low-melting-point alloys [38] and shape mem-
ory polymers (SMPs) [39] transition between rigid and com-
pliant states via thermal stimuli, while shape memory alloys 
enable reversible stiffness through Joule heating [40]. Com-
plementary to PCMs, jamming systems achieve rapid rigidity 
shifts by vacuum-driven particle immobilization [41].

Critically, these materials are often integrated with ac-
tuation mechanisms, creating unified systems where motion 
and stiffness are coregulated. Hydrostatic actuators, for in-
stance, exploit fluid pressure to simultaneously drive shape 
morphing and modulate stiffness [42], while antagonistic 
pneumatic chambers balance compliance through opposing 
forces [43]. Such integration is exemplified by reconfigu-
rable grippers that conform to various objects in a compli-
ant state and rigidify for secure manipulation [44] or robotic 
arms that switch between high payload capacity and con-
fined-space navigation [45]. These advancements highlight 
how temporal regulation leverages material innovation for 
external adaptability, enabling task versatility in dynamic 
environments.

DYNAMIC COMPLIANCE REGULATION: PROGRAMMING 
TRANSIENT BEHAVIORS VIA ENERGY DYNAMICS
Extending beyond static or time-varying stiffness, dynamic 
compliance regulation focuses on energy-mediated transient 
behaviors, where robotic motion is governed by energy stor-
age and release, producing robust periodic motions passively 
adaptive to various environments. Multistable mechanisms 
epitomize this approach: elastic snap-through instabilities, as 
demonstrated by Tang et al. [25], enable millisecond-scale lo-
comotion on different surfaces by repetitively releasing stored 
strain energy. Furthermore, oscillatory systems expand this 
paradigm with solar- or thermal-driven oscillators sustaining 
autonomous rhythmic motion [46]. These strategies embody 
principles of mechanical intelligence, where energy dynam-
ics encode control logic directly into the robot’s structure and 
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FIGURE 3. Robot adaptability based on the body: compliance regulation and embodied intelligence, including a global soft crawling robot 
[21], soft arm with varied spatial compliance [22], variable stiffness based on phase-change materials [23] and antagonistic actuation 
[24], fast crawling based on a bistable spine [25], and automated gait based on ring oscillators [26]. All figures used with permission.
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lead to designed responses to different interactions. For in-
stance, electronics-free locomotion robots in [26] can avoid 
various obstacles by leveraging ring oscillators and passively 
adapting to external interactions without electronics and con-
trollers. By exploiting periodic dynamics, dynamic compli-
ance regulation transcends traditional control paradigms, 
generating responses to various interactions with passive 
adaptability.

SYNERGISTIC COMPLIANCE REGULATION FOR 
MULTIFUNCTIONAL ADAPTABILITY
In the future, the integration of spatial, temporal, and dynam-
ic compliance regulation may bridge passive mechanical re-
sponses and active behavioral control, enabling robots to 
achieve multifunctional external adaptability. For instance, a 
robotic arm might utilize spatially graded jamming struc-
tures to passively conform to cluttered environments through 
inherent compliance while temporally modulating stiffness to 
actively enhance payload capacity during object manipula-
tion. Concurrently, snap-through dynamics could enable 
rapid repositioning by harnessing stored elastic energy, blend-
ing passive instability with triggered actuation. Such hybrid 
systems will epitomize the convergence of geometric design, 
material innovation, and energy-aware control, where passive 
compliance ensures safe interaction and environmental adap-
tation while active regulation enables task-specific perfor-
mance. Future advancements can focus on unifying these 
paradigms, like combining embodied intelligence with active 
sensing and control, to create robots that autonomously tran-
sition between adaptive and deliberate behaviors as responses 
to dynamic and unstructured settings.

This adaptability is hierarchically structured across times-
cales. In the future, evolutionary adaptation, though currently 
limited to simulation or prototyping iteration, may leverage 
spatial compliance principles, such as modular robots with 
reconfigurable stiffness distribution to bridge simulated de-
sign with real-world applications, expanding the soft robotics 
paradigm. Developmental refinement may employ temporal 
regulation strategies like jamming layers or SMPs to opti-
mize recurring tasks, such as grippers dynamically tuning 
stiffness to handle variable objects [45]. At the shortest tim-
escale, reflexive action exploits dynamic mechanisms (e.g., 

snap-through bistability) to achieve rapid energy-efficient re-
sponses, such as collision avoidance via elastic energy release 
[47]. Together, these possible strategies can form a hierarchical 
framework: evolutionary designs establish adaptable morphol-
ogies, developmental tuning refines sustained functionality, 
and dynamic regulation enables self-regulated reflexes. By 
negotiating compliance across spatial, temporal, and energetic 
domains, this framework will emulate biological adaptability, 
reducing reliance on centralized control and advancing robots 
toward embodied intelligence [48], where physical and com-
putational adaptability converge to enable seamless interac-
tion in unstructured environments.

SENSING FOR ADAPTABILITY
The appropriate design of a soft robot’s sensory system is 
critical for the robot’s deployment and adaptation to a true 
range of environments, especially those for which it has no 
prior information. In these cases, extensive information must 
be gathered about the surroundings and the robot itself, rely-
ing on multiple sensing capabilities: robot tip localization 
[49], pressure and shape sensing of deformations caused by 
contact with new objects [50], monitoring of environmental 
conditions [51], and high-speed reflexive responses [52]. As 
environmental diversity increases during the exploration and 
active adaptability of soft robots, the need for sensing will be 
a critical bottleneck. Without this, functionalities will remain 
limited. However, implementing sensing with minimal 
changes to a robot’s design generates challenges in hardware 
and software design domains [53], both of which are explored 
in this section. A diagram of sensing for adaptability is pre-
sented in Figure 4.

SENSOR HARDWARE
At the hardware level, longevity and compliance are essen-
tial. Soft sensors must integrate seamlessly into a soft ro-
bot’s body stably without hinder ing its inher ited 
morphologies. These robots undergo repeated cycles of 
stretching, bending, and flexing, which necessitate sensor 
longevity and flexibility. The materials’ compliance gener-
ates external adaptability, ensuring that the materials suc-
cessfully conform to unknown objects during interactions 
with new environments. The materials can be integrated as 

channels, applied as surface skins, or 
even serve as the robot’s primary 
structural material to meet the re-
quirements of different tasks. The re-
qu i r ement s  of  longev i t y  a nd 
compliance have driven the ongoing 
development of highly compliant sen-
sor materials. As reviewed by Hegde 
et al. [53], these materials include liq-
uid metals and stretchable wave-
guides, which can be embedded into 
an existing morphology. Additionally, 
conductive elastomer composites and 
hydrogels offer versatility.
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In addition to sensing components in a robotic platform, 
soft sensors and skins can serve as an independent sensing 
system to achieve external adaptability. They can be easily 
applied to different shapes and are likely to see more wide-
spread use. This straightforward application allows them to 
be implemented across various objects and tasks without re-
quiring fundamental changes to their underlying technologies. 
For example, Ohmura et al.’s sensing elements [54] could be 
flexibly wrapped to curved surfaces while using a serial bus 
to reduce electrical connections. The ROBOSKIN project’s 
modular elements [55] provided scalability to various large-
area designs. Since their free surface areas and single-layer 
implementations promise easy applications to complex shapes, 
skins based on electrical impedance tomography are becom-
ing increasingly popular [56], feasible for various shapes and 
interactions.

Much as in the design of robot body mechanics, embodied 
intelligence can be applied and exploited during the design of 
soft sensor morphologies to minimize the computational pro-
cessing required by external adaptability across various tasks. 
Sensor receptors in the human body are distributed to best 
provide useful information over a huge variety of tasks [57]. A 
number of soft sensor works have taken biological inspiration 
in the design of their morphologies. Among these, An et al. 
use triboelectric whisker-inspired mechanoreceptors to detect 
1.1-μN tactile forces in real time [58]. Thuruthel et al. improve 
a fiber network’s damage resilience through a bioinspired 
optimization of its grid-based morphology [59]. Appropriate 
design of the mechanical interface between sensor and envi-
ronment can also lessen necessary computations: raw sensor 
signals can be filtered by a robot’s soft body to best match 
the surroundings. For example, Hughes et al. use a jamming 
filter between the sensor and environment to adapt to different 
classification tasks [60], while Costi et al. use a magnetoactive 
elastomer filter to tune a sensor’s mechanical stiffness in real 
time [61]. Though such filtering approaches aid both internal 
and external adaptabilities by simplifying the signals gener-
ated by a soft sensor, the filtered information must still be 
processed to produce a meaningful result. Therefore, sensor 
software is also a necessary component for adaptive designs.

SENSOR SOFTWARE
When collecting information for the external adaptability to 
new environments through physical interactions, shape sens-
ing and distributed tactile sensing can be exploited to map a 
soft robot’s surroundings [62], facilitating closed-loop con-
trol. However, shape sensing presents significant computa-
tional difficulties: many soft sensors are already embedded 
within or adhered to complex 3D shapes and exhibit response 
nonlinearities, drift, and viscoelasticities. Indeed, the tenden-
cy of many soft sensors to drift, degrade, and change material 
properties over time severely impedes their long-term robust-
ness if continuous recalibrations are not carefully designed; 
existing papers consider signal robustness over hours or days 
rather than months or years. These challenges must be ac-
counted for when the signals are used for the reconstruction 

and decoupling of different stimuli. Machine learning tech-
niques are typically employed to aid processing [63], [64], en-
abling robust empirical modeling of the sensor state through 
ground truth training data. Still, if care is not explicitly taken 
during the design of these architectures and training meth-
ods, data-driven solutions may not be particularly adaptive: 
any changes in condition, task, or morphology could require 
total retraining from scratch rather than building upon pre-
learned information.

To avoid this, transfer learning of pretrained solutions can 
be employed to impart prior knowledge to a new system for 
internal adaptability. Kim et al. introduce such a method for 
adaptive calibration in the face of long-term sensor usage, 
highlighting the approach’s potential to address manufacturing 
tolerances during the larger-scale manufacture of soft robotic 
sensors [7]. Even without transfer learning, the continued ap-
plication of recalibration over a sensor’s lifetime can help to en-
hance robustness and deal with drift [65]. Rong et al. use deep 
transfer learning to transfer knowledge of a wearable device’s 
response characteristics among gesture classification tasks, in-
creasing learning efficiency by redeploying feature extraction 
layers [66]. Terryn et al. employ transfer learning to relearn 
tasks after damage–heal cycles of self-healing soft sensors, en-
suring adaptability on both the hardware and software levels 
[67]. Here, the training data were physically collected; for the 
generation of more robust and transferable models, simulations 
can help to generate larger amounts of diverse data without fac-
ing the bottleneck of physical experimentation [68].

CONTROL ALGORITHMS FOR ADAPTABILITY
The inherent compliance and mechanism design of soft ro-
bots offer significant advantages in navigating complex envi-
ronments and manipulating irregular objects. Meanwhile, 
hardware flexibility often needs to be complemented by ad-
vanced control algorithms to fully realize the robots’ external 
adaptability. These algorithms enable soft robots to adapt 
their shape, movement, and interaction with environments 
and objects. Recently, some control algorithms have been 
proposed to cope with the variance in hardware characteris-
tics across different platforms. In this section, we explore the 
role of control algorithms in achieving internal and external 
adaptability. We summarize adaptability through control ap-
proaches in Table 1.

MODEL-BASED CONTROL
Model-based control strategies apply physical models involv-
ing nonlinearity and hysteresis to represent soft robot motion 
and achieve interaction with external environments. These 
environments present additional complexities, including dy-
namic disturbances [69] and intricate contour constraints 
[70]. To achieve external adaptability, model-based control 
strategies construct environments with physical interaction 
models. Recently, some works aim to achieve internal adapt-
ability by updating the physical models.

Model-based control approaches leverage various physical 
models like the constant curvature model [70] and finite-element 
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method [69]. To enhance the active external adaptability of 
soft robots, model-based approaches rely on building physical 
models for external environments and objects. For instance, a 
spring-and-damper model is utilized in [70] for contact model-
ing, and a Cartesian impedance controller is proposed based 
on this contact model. Equipped with such a model-based 
controller, a soft robot can safely trace along various surfaces. 
To grasp objects with different shapes, target objects are dis-
cretized into several boxes in [14]. The grasping strategy selects 
the feasible grasp position based on the box model and controls 
the soft hand to grasp.

In addition to modeling external environments, model-
based controllers also show internal adaptability by updating 
the ideal models to match the real robots. One possible solu-
tion is parameter updating. The model parameters in model 
predictive control update according to the real robot feedback 
in [71]. The pseudorigid robot model is applied in [9] to match 
the piecewise constant curvature of soft robots with different 
stiffness levels through online parameter updates. Also, com-
pensation outside the model-based controller can be applied for 
model matching. Overall, for both external and internal adapt-
ability, model-based strategies depend on predefined models, 
and their performance will be highly affected by the accuracy 
of the physical models. However, there exists a fundamental 
tradeoff: complex models may reflect real interactions but lack 
the flexibility for real-time updates, whereas concise models 
can update online to mitigate model mismatches but may sac-
rifice accuracy.

MODEL-FREE CONTROL
In addition to the model-based methods mentioned above, 
many researchers have employed model-free approaches in 

soft or continuum robotics thanks to the methods’ ability to 
deal with highly nonlinear and dynamic behaviors [72], 
[73]. Lightweight model-free controllers can update online 
and fit the mismatch caused by external environments and 
hardware variance. Meanwhile, LFD and RL serve as effec-
tive learning strategies to cope with various and dynamic 
environments.

The Jacobian controller is a model-free soft robot con-
troller. Nonlinearity and hysteresis are addressed by high- 
frequency online updates of the linear Jacobian matrix. In 
[74], the soft robot can track the trajectory even if affected by 
different unknown obstacles. A generalized Jacobian control-
ler in [16] can transfer across robots with different stiffnesses, 
relying only on online parameter updating. In addition to the 
Jacobian-based controllers, some online-updating statistical 
controllers also endow soft robots with internal and external 
adaptability. For instance, the online Gaussian process regres-
sion (GPR) controller in [75] is validated in simulation, various 
real robots, and even under collision with obstacles. The GPR 
controllers in [76] can map between the robot state and actua-
tion spaces online, and such controllers can achieve trajectory 
following tasks even under unknown and abrupt loads, due to 
their external adaptability.

LFD, or imitation learning, can be one of the candidates for 
enhancing the external adaptability of soft robots by enabling 
them to learn and replicate expert behaviors in dynamic condi-
tions. When learning from expert demonstrations, soft robots 
can acquire flexible and compliant behaviors by observing 
how humans naturally adjust their movements in response to 
different conditions and tasks. A study demonstrated that, after 
receiving demonstrations from multiple humans using their 
own hands, the RBO Hand 2 exhibited strong performance 

CONTROL TYPE REFERENCE METHOD ADAPTABILITY APPLICATION VALIDATION

Model-based 
control

[70] Pseudorigid robot External External environment 
interaction

Simulation and reality to trace on 
different and complex surfaces

[14] Minimum-volume 
bounding box

External Grasping and manipu-
lation

Objects with different shapes 
and weights

[71] Model predictive 
control

Internal Rehabilitation glove Inaccurate model initialization 
and updating to achieve accurate 
model

[9] Piecewise constant 
curvature

Internal Segmented robot  
control

Robots with different stiffnesses

Model-free 
control

[74] Jacobian controller External Soft continuum robot 
control

Environments including single 
and multiple constraints

[16] Generalized Jacobian 
control

Internal Soft continuum robot 
control

Robots with different stiffnesses 
and frequencies

[75] Gaussian process 
regression

Internal Soft finger control Robots with different materials

[4] LFD External Manipulation Three manipulation tasks, i.e., 
turning a valve, manipulating an 
abacus, and grasping

[78] RL External Soft continuum robot 
control

Path following under varying 
loads

TABLE 1. Adaptability through control methods.
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across various manipulation tasks [4]. LFD can also help soft 
robots improve their external adaptability in motion planning 
for navigating complex environments. For instance, one LFD 
method was proposed for the motion planning of multiseg-
ment flexible and soft robotic manipulators, enabling them to 
automatically navigate through narrow spaces [77].

RL is a type of machine learning where an agent learns 
to make decisions by interacting with its environment and re-
ceiving feedback in the form of rewards or penalties. Through 
trial and error, the agent optimizes its actions to maximize 
long-term rewards, allowing it to adapt to dynamic and unpre-
dictable conditions. This makes RL particularly useful for soft 
robots, which operate in environments where precise model-
ing is difficult and flexibility is essential. An RL-based adap-
tive control framework was proposed in [78], enabling precise 
control of a fluid-driven soft robot in continuous task space. 
The adaptability is first guaranteed by domain randomiza-
tion in simulation and then enhanced by incremental learn-
ing in reality. Finally, the internal adaptability is demonstrated 
through Sim2Real transferring, and the external adaptability is 
demonstrated through an unpredicted external load. A robust 
path planning framework, Curriculum Generative Adversarial 
Imitation Learning, is proposed in [79] to navigate catheters 
through tortuous and deformable vessels by accounting for 
interactions with vessel walls and deformation. The method 
outperforms state-of-the-art approaches in both in silico and 
in vitro experiments.

Overall, similar to model-based controllers, sophisticated 
strategies like RL have high costs, considering time and ex-
plored space, but they can be transferred across different ob-
jects, environments, and tasks. Concise controllers like the 
Jacobian controller can update online but can be applied only 
to low-level control. These tradeoffs highlight that there is 
no universal control solution that simultaneously optimizes 
adaptability, accuracy, and efficiency. Instead, controllers 
should be selected based on the specific requirements of 
the task, with appropriate compromises among these per-
formance metrics. In addition, a promising direction lies in 
hybrid approaches. By integrating hierarchical frameworks, 
such as applying model-free RL for adaptive planning and a 
model-based piecewise constant curvature controller for fast 
response, soft robots may guarantee both adaptability and 
efficiency.

SOFT ROBOTS’ ADAPTABILITY ACROSS DIFFERENT 
APPLICATIONS

INTERVENTIONS AND SURGERIES
The adaptability of soft robots plays a crucial role in enhanc-
ing the safety and effectiveness of interventional and surgical 
procedures. In various surgical applications, the inherent 
flexibility of soft robots allows them to conform precisely to 
the complex and dynamic environments within the human 
body. This adaptability enables them to reach areas that are 
otherwise inaccessible with conventional rigid instruments 
while interacting gently and accurately with surrounding tis-

sues. This is essential in reducing the risk of complications, 
such as tissue damage or perforation, which could have se-
vere consequences. Furthermore, since soft robots reduce 
concerns about applying excessive force to tissues, the mental 
load on surgeons is also lessened.

ENHANCING SURGICAL SAFETY
The most direct impact of the passive adaptability of soft 
robots on surgical and interventional procedures is the sig-
nificant enhancement of safety during these processes. For 
instance, in intraluminal interventions, where precision and 
delicacy are paramount, the adaptability of soft robots, 
whether achieved through compliant control algorithms 
[80], [81], the use of soft materials, or compliant mecha-
nisms, proves to be exceptionally valuable. The lack of 
adaptability in surgical instruments can result in accidental 
perforations, a serious complication that may cause internal 
bleeding and infection [82]. These complications could 
lead to extended hospitalization and prolonged recovery 
times. In comparison, soft robots, with their built-in pas-
sive adaptability, are less prone to causing harmful move-
ments during a failure, providing a safer response in such 
situations [83].

IMPROVING ACCESS TO CHALLENGING  
ANATOMICAL SITES
The active adaptability of soft robots allows them to navigate 
complex anatomical pathways, providing surgeons with 
greater flexibility in reaching challenging sites [84]. Unlike 
rigid instruments, which are limited in their ability to move 
through curved or confined spaces, soft robots can bend and 
adjust to fit into narrow or winding areas, following the 
body’s natural contours with ease. This increases their reach 
and dexterity, enabling them to access deep or otherwise dif-
ficult-to-reach areas with minimal incisions, which is particu-
larly advantageous in minimally invasive procedures. 
Another feature that highlights the active adaptability of soft 
robots is their ability to be squeezed. For instance, the diges-
tive tract often experiences luminal stenosis, making it diffi-
cult to introduce conventional endoscopes. A squeezable soft 
robot can effectively navigate through these constricted areas, 
allowing for both diagnostic and therapeutic interventions in 
such situations.

REDUCING CLINICIAN MENTAL LOAD
Traditional surgical procedures require surgeons to maintain 
a high level of concentration and manual dexterity, which can 
lead to cognitive and physical fatigue, especially during 
lengthy or complex procedures [85]. The constant need to ad-
just and manipulate instruments to navigate the body’s intri-
cate structures further adds to this strain, increasing the 
potential for errors. Soft robots, with their adaptive capabili-
ties, help alleviate this burden by conforming naturally to the 
complex and dynamic environments within the human body. 
Their flexibility allows for smoother and more intuitive 
movements, meaning the surgeon spends less time and effort 
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on manually adjusting the instruments. This passive adapt-
ability is particularly valuable in intraluminal interventions, 
where clinicians typically spend significant time and effort 
steering the robot tip to prevent its acute angle from perforat-
ing the lumen wall.

WEARABLE SOFT ROBOTICS
Wearable soft robots have been leveraged for various applica-
tions, such as rehabilitation, assistance, and augmentation. 
Due to their compliance and external adaptability, soft robots 
can perfectly suit human body shape and deform adaptively 
to human motion. The robot design, sensing algorithms, and 
controllers all contribute to the adaptability of wearable soft 
robots. Several reviews have summarized the development of 
wearable soft robots [86].

Exoskeleton hardware has evolved from heavy and struc-
tured rigid robots to lightweight and adaptive wearable soft 
robots. Wearable soft robots are designed to be fixed on key 
parts of the human body, instead of covering the whole body, 
to adapt to different body sizes. For instance, the lower-limb 
exoskeleton [87] is attached to the wrist, thigh, and lower leg 
to avoid joints. Fixed parts in soft gloves [88] are connected by 
actively sliding springs to adapt the hand motions.

Based on the adaptive exoskeleton design, sensing also 
plays a significant role in adaptability. Conformal tactile tex-
tiles [89] are leveraged to make gloves, socks, and shirts adap-
tive to the different shapes of human body components. The 
wearable soft sensor feedback can detect various human in-
teractions with external environments. Different types of sen-
sors, such as electromyography and inertial measurement unit 
[90], can be integrated into exoskeletons for sensing fusion and 
adapting to diverse patients.

Considering the controller for adaptability, the finite-state 
machine is widely applied in wearable soft robots. This strat-
egy is leveraged in a glove for the assistance of different daily 
living activities [91]. Machine learning methods like neural 
networks [92] can be adaptive to different users without the 
requirement of accurate human models.

LOCOMOTION
Locomotion in unstructured environments requires the exter-
nal adaptability of mobile soft robots. Due to their flexibility 
and lightweight, mobile soft robots have shown excellent per-
formance in the field, under water, and on various surfaces 
compared to rigid robots. Crawling, flying, jumping, and 
swimming are the main locomotion approaches of mobile 
soft robots. Some surveys summarize the developments of 
the mobile soft robots [93].

The motions of crawling soft robots are inspired by animals 
like snakes [94] and starfish [3]. Worm-inspired soft robots 
[95] can adhere to grounds and walls with different materi-
als thanks to soft adhesion actuators adaptive to different sur-
faces. The starfish robot in [3] can perform omnidirectional 
movements in various harsh environments like wet and rough 
surfaces. Exploiting traveling-wave motion, the snake robot 
in [94] can move through pipelines with turnings. The above 

robots have demonstrated their external adaptability through 
their ability to navigate diverse environments.

Similarly, soft swimming robots are bioinspired and de-
veloped by animal motion patterns, such as those of fish 
[96] and jellyfish [97]. The fish robot in [96] has demon-
strated its external adaptability in complex and unstruc-
tured oceans and seabeds. The light soft jellyfish robot in 
[97] can perform both vertical and horizontal underwater 
motions. In addition, a nonbiomorphic swimming robot in 
[98] can perform multiple maneuvers and hence is able to 
propel in cluttered underwater environments, including ob-
stacles and tunnels.

Moreover, there are locomotion robots composed of some 
soft components, which enhance their external adaptability. A 
compact jumping robot [99] can jump to cross a ring and over 
an obstacle through different targeted motions. Soft pneumatic 
bars are equipped on an aerial robot [100], which can be resil-
ient to external collision and impact. Universal granular grip-
pers are installed on a legged robot [101] as feet to be adaptive 
to different surfaces.

MANIPULATION
As one of the most significant soft robot applications in the 
industry, soft grippers have shown unique advantages over 
conventional rigid grippers. Grasping and manipulating ob-
jects with different morphologies and properties require the 
gripper to possess a high degree of passive external adapt-
ability. Thanks to compliance and passive deformation, soft 
robot grippers can perform stable and safe grasps on objects 
with different shapes, weights, and stiffnesses. There are 
several surveys focusing on soft robot grippers [102].

The external adaptability to different objects is mainly 
achieved by the passive deformation of soft grippers. Silicone 
fingers in [13] show different passive deformation patterns on 
different object shapes. Furthermore, the gripper can perform 
stable grasps thanks to the surface patterned feature. Inspired 
by human hand grasp synergies, the Pisa/Italian Institute of 
Technology SoftHand 2 is proposed in [103]. Different grasp 
postures can be performed with the combination of only two 
main natural postural synergies thanks to the passive deforma-
tion caused by the interaction. In addition to passive deforma-
tion, stiffness change endows granular jamming grippers with 
shape adaptability. Due to stiffness, the granule-filled bag in 
[104] first adapts to the object, then constrains the object mo-
tion and grasp by evacuating.

In addition to shape compliance, stiffness adaptability is 
motivated by different grasping requirements. Some objects 
are fragile and require gentle grasps, like tofu [13]. Mean-
while, some heavy objects require stable and strong grasps. 
The rigid–soft gripper in [13] produces gentle grasps by lever-
aging soft pads and guarantees grasp stability by leveraging 
rigid clamps. Similarly, the soft gripper in [105] is composed 
of soft skins and rigid bones, which can grasp an egg safely 
and a heavy bottle stably. In addition to these passive adapt-
ability works, the gripper in [106] can actively adjust its stiff-
ness and manage proper grasps.
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LIMITATIONS AND FUTURE WORK
While this article presents various adaptability technologies 
in soft robots and highlights their applications across diverse 
fields, significant challenges persist in the further advance-
ment of adaptability. In this section, we discuss the limita-
tions and potential future directions of these technologies.

LIMITATIONS
While soft robots offer significant advantages, they also pos-
sess inherent limitations and are not a one-size-fits-all solu-
tion for every robotic application. Compared to rigid robots, 
soft robotics face limitations, such as a low payload capacity 
due to their compliant nature and inconsistent accuracy re-
sulting from the high manufacturing tolerance. Although 
adaptive technologies may alleviate some issues, such as cali-
bration for sensor variance [7], certain limitations remain in-
trinsic to soft robotics. In the future development of soft 
robotics, instead of restricting the scope and focus solely to 
soft materials and flexible structures, robotic systems that se-
lectively integrate both rigid and soft components based on 
application needs may better harness the advantages of each, 
potentially paving the way for a new subfield within soft 
robotics.

Furthermore, while adaptability is a crucial feature in soft 
robotics, it is not the sole consideration. A careful balance 
among various properties is necessary during both hardware 
manufacturing and software development. For instance, soft 
tactile sensors are typically designed as fingertip sensors to 
enable contact with diverse surfaces [107], whereas a roller 
sensor is designed specifically for plane sensing [108]. Al-
though it can be applied only to planes and loses adaptability, 
the targeted design enhances the sensing areas and speeds. 
Overall, adaptive soft robots are not universal solutions. 
Adaptability, along with other factors, should be carefully 
weighed according to the task requirements during the robot 
platform design.

FUTURE WORK
External adaptability, particularly active external adaptabili-
ty, serves as one of the most valuable characteristics in soft 
robotics, which can be demonstrated from the applications in 
the “Soft Robots’ Adaptability Across Different Applica-
tions” section. Novel materials and robot structures and the 
corresponding algorithms may enhance the external adapt-
ability, such as multifunctional and independent modules. For 
instance, modular soft robot arms have exhibited adaptability 
in navigating clutter environments compared to single- 
module robots [109]. However, current modular designs are 
often constrained by centralized actuation sources and actua-
tion lines, such as cables or airlines, which limit the number 
of modules and the range of possible morphological struc-
tures. Additionally, the modules are typically identical and 
designed for bending, restricting their versatility in perform-
ing diverse manipulation tasks. Endowing modules with inde-
pendent actuation sources and specialized functionalities 
would allow for a greater variety of configurations and 

broader application potential. Based on the novel hardware 
platform, the corresponding algorithms, like the multiagent 
strategy [110], are essential to enable assembly in diverse pat-
terns and fully achieve external active adaptability.

Moreover, embodied intelligence offers a powerful strategy 
for analyzing and enhancing robotic adaptability, particularly 
in the face of diverse and evolving compliance regulations [48]. 
By leveraging the concept of embodied intelligence, robots can 
exhibit more natural and responsive behaviors by integrating 
mechanical elements that mimic biological systems, such as 
adaptive compliance and the autonomic nervous system. Ele-
ments based on instability, viscosity, and oscillation can func-
tion similarly to the sympathetic and parasympathetic nervous 
systems, enabling rapid mobilization or slow dampening re-
sponses [111]. By combining embodied intelligence, soft robots 
can exhibit a wide range of adaptive behaviors, from long-term 
evolutionary adaptations to short-term reflexive reactions [112].

Compared to external adaptability, internal adaptability is 
still in its nascency. Instead of a benefit of soft robotics, robust-
ness in internal adaptability serves as a compensatory solution 
to the inherent limitations, such as aging and high manufactur-
ing tolerances. However, these limitations may be solved by 
alternative approaches, such as durable materials and standard 
manufacturing processes. As soft robotics technology advanc-
es, the randomness of hardware properties will be alleviated, 
reducing the necessity for robustness in control algorithms. 
Meanwhile, the increasing diversity of hardware platforms may 
elevate the importance of transferability. In this context, online 
updating based on feedback will play a crucial role in enhanc-
ing transferability, and lightweight learning strategies may be 
introduced specifically for long-term and cross-platform usage.

CONCLUSION
This article explored one of the most critical features of soft 
robotics: adaptability. Based on the existing works related to 
it, adaptability can be categorized into external adaptability 
targeted at environments and objects and internal adaptability 
targeted at robotic system components. External adaptability 
is further divided into passive and active adaptability, while 
internal adaptability encompasses robust and transferable 
adaptability. The increasing emphasis on adaptability in soft 
robotics research underscores the necessity of this review.

Subsequently, this article discussed how adaptability is 
achieved through robot design, sensing, and control. In soft 
robotics, design plays a foundational role in enabling exter-
nal adaptability, particularly through passive adaptation. This 
is achieved by carefully engineering both soft materials and 
compliant structures to provide spatial, temporal, and dy-
namic compliance. Soft sensors are adaptive to different en-
vironments and objects due to their compliance, and sensing 
algorithms demonstrate their robustness to hardware primar-
ily based on learning algorithms. Control strategies enhance 
external adaptability through external environment modeling 
and a high-level learning strategy and internal adaptability 
through online updating mechanisms. In addition, we listed 
real-world applications utilizing soft robot adaptability, including  
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surgery, wearable devices, locomotion, and manipulation. We 
also discussed the limitations of soft robot adaptability and 
outlined potential future directions in this field.
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