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Abstract: In the field of robotics, soft robots have been showing great potential in the areas of
medical care, education, service, rescue, exploration, detection, and wearable devices due to their
inherently high flexibility, good compliance, excellent adaptability, and natural and safe interactivity.
Pneumatic soft robots occupy an essential position among soft robots because of their features such as
lightweight, high efficiency, non-pollution, and environmental adaptability. Thanks to its mentioned
benefits, increasing research interests have been attracted to the development of novel types of
pneumatic soft robots in the last decades. This article aims to investigate the solutions to develop and
research the pneumatic soft robot. This paper reviews the status and the main progress of the recent
research on pneumatic soft robots. Furthermore, a discussion about the challenges and benefits of the
recent advancement of the pneumatic soft robot is provided.
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1. Introduction
Although the traditional rigid robot can achieve complex and accurate motion, it often
needs a large number of rigid link joints to achieve multi-redundant motion control. This
type of rigid connection robot is usually called a redundant or hyper-redundant robot [1,2].
The robot needs to have some flexibility to avoid damage to fragile objects and the human
body during the task. Because traditional robots usually use rigid drives and rigid joints,
the industry usually needs several related sensors or technologies such as posture, force
feedback, and machine vision to perform compliant control of the output power to improve
the security of rigid robots. When it refers to the above challenges, these types of robots
have initially been referred to as soft robots [2]. But with the development of soft material,
bionics, and manufacturing technology, the concept of soft robots, i.e. robots whose main
body is made of soft materials and whose motion is achieved mainly by elastic deformation
of the structure itself, is gradually emphasized. Compared with the traditional rigid robot,
the soft robot has infinite degrees of freedom in principle. Its good safety and flexibility
make up for the shortcomings of a rigid robot, showing unprecedented adaptability, safety,
sensitivity, and constantly expanding the application areas of robots. Hence soft robot has
been one of the main trends in robotics development.
Soft robotics research directions are divided into the following three main categories.
(1)
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(2)

The traditional pneumatic or cable drive-based research, such as the German company
Festo’s pneumatic soft robot and pneumatic artificial muscle and so on [3]. The
pneumatic and cable drive-based soft robot research has been investigated for over
20 years. Various actuators and control techniques have been developed.
Elastic silicone material is used as the main material of the soft robot, combining
with the latest 3D printing technology. These robots are primarily characterized by
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(3)

pneumatic driven, small pressure-bearing, large deformation, and flexible motion
control [4].
Using advanced smart materials, such as dielectric elastomer (DE) [5], shape memory
alloy (SMA) [6] to generate motion by deformation of materials, which is a new
application of smart materials in the field of soft robotics and it has a broad application
prospect in the field of micro and small robots. Soft robots can be driven by gas, wire,
smart material, and so on [7]. Among them, pneumatic technology was firstly used in
the design of soft robots and had the characteristics of lightweight, good flexibility,
and strong adaptability to the environment. Moreover, the pneumatic soft robot can
be driven without ferromagnetic or electronic components with good reliability under
harsh conditions under the strong radiation [8], electromagnetic interference [9],
dust, external extrusion, and heavy impacts [7]. It has been well recognized that
the pneumatic soft robot has occupied an important position in the research of soft
robotics. This article reviews the status and the main progress of the recent research
on pneumatic soft robots. This article aims to investigate the solutions to develop and
research the pneumatic soft robot.

The structure of this paper is organized as follows: the motivation and types of the
soft pneumatic robots are provided in Sections 1 and 2. Section 3 describes the detailed
development, modeling, and control of the soft pneumatic robots. Section 4 discusses the
challenges and benefits involved in different applications. Finally, the conclusion is drawn
in Section 5.
2. Pneumatic Soft Actuators
The pneumatic drive of soft robots is divided into positive and negative pressure
drives. The positive pressure driving technique is to drive the soft actuator by moving,
deforming, and filling the cavity with compressed gas to expand the main body. In contrast,
the negative one is to control the soft actuators to move and deform by drawing the air out
of the cavity through vacuuming, which causes the cavity to shrink [10].
According to the structure difference, the typical pneumatic actuators can be divided
into two main types: pneumatic Networks (PneuNets) and fiber-constrained actuators.
2.1. Pneumatic Networks
The structure of a typical pneumatic network is shown in Figure 1. The actuator
structure can be divided into two layers, the upper layer is the extendable layer, and the
lower layer is the restricted layer. The upper layer consists of a linear array of air chambers,
which are interconnected internally by an air channel. When inflated, the inner walls of the
air cavities of the upper structure expand and squeeze each other, while the bottom layer
limits the elongation in the length direction, thus producing a bending motion of the whole
driver toward the side of the limiting layer [11].

Figure 1. PneuNets structure [12].

2.1.1. Flexible Fluidic Actuator (FFA)
The flexible fluidic actuator is an extensible and adaptive soft actuator. FFA is made up
of elastomers and several cavity channels embedded in the elastomers. Each channel can
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be expanded and deformed by applying fluid pressure. The advantage of this actuator is
that it is by the biological structure of nature, and the contraction of actuators can produce
adaptive flexibility [12].
2.1.2. Honeycomb Pneumatic Networks
Based on the typical Pneumatic Networks, a new structure called the Honeycomb Pneumatic Networks [13] was proposed. The honeycomb aerodynamic network is structured
to generate robot moves through the folding-extension deformation of many hexagonal
structures, which is called structural deformation actuation. In summary, the honeycomb
structure has good bending and elongation capabilities, providing the arm with good
flexibility. It has good torsional resistance, which is the basis for the arm’s load capacity.
Figure 2 shows the basic structure and working principle of the honeycomb pneumatic
network soft arm [14]. Two rows of honeycomb units are arranged in a staggered manner,
with two airbags placed on the top and bottom of each unit, and the individual airbags
are connected by silicone hoses to form a pneumatic network. The airbag is made of
polyurethane nylon fabric, a composite material with excellent airtightness and pressurebearing properties. When the airbag on one side inflates, the structure on that side will
elongate under the action of the airbag, and the other side will deform less due to the
restoring force of the structure thus that the whole actuator will bend in the opposite
direction. In addition, if all airbags are inflated simultaneously, the soft arm will elongate.
By controlling the combination of inflation of individual airbags, the soft arm can achieve
multiple bending and elongation deformations.

Figure 2. The honeycomb pneumatic networks arm [15].

2.2. Fiber-Constrained Actuators
The most important feature of fiber-constrained pneumatic flexible actuators is that
the elastic cavity is reinforced by cuffed or embedded fibers, fabrics, or other fiber-like
structures. These constrained structures generally have anisotropic mechanical properties
thus that as the actuator’s air pressure increases, the fiber structure will constrain the elastic
cavity to produce anisotropic expansion and deformation, thus achieving a specific form of
deformation motion [15]. The pneumatic artificial muscle (PAM) is a typical representative
of fiber-constrained actuators.
Biological soft tissues and structures have been the object of research and are studied
by scientists. The pneumatic artificial muscle is a gas actuator developed by using a bionic
design to imitate biological muscles. McKibben artificial muscle (Figure 3) is the most
famous pneumatic artificial muscle. The body of the McKibben artificial muscle is a soft
hollow rubber tube, and the outside of the tube is wrapped by a coaxial woven sheath [14].
Compared to a cylinder, which is essentially a rigid element, flexible pneumatic artificial
muscle is more secure [15]. The basic working principle of pneumatic artificial muscle is
pumping highly compressed air into or out of the rubber tube, and achieve the body’s radial
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expansion or contraction under the restriction of the coaxial woven sheath to generate axial
force to drive the robot.

Figure 3. McKibben artificial muscle.

Due to its special structure, a single pneumatic artificial muscle can only provide
extension or contraction motion in a single linear direction. Since real robots usually need
to achieve complex and variable goals, a single muscle is far from attaining multiple degrees
of freedom thus scientists often use multiple artificial muscles to drive the joints of the
robot to solve the above challenges.
Pneumatic artificial muscle robots have the following advantages.
(1)

(2)

(3)

(4)

Lightweight and small size. Since the main material of pneumatic artificial muscle is
rubber (such as neoprene, acrylate rubber, etc.), and aluminum alloy’s metal connection [16], its overall mass is very light. For example, the pneumatic muscle of 5 mm
inner diameter produced by Festo is only 27 g per meter.
High gravimetric specific power. The power to weight ratio of pneumatic artificial
muscles is very large [17]. For example, a pneumatic artificial muscle with a 20 mm
inner diameter is sufficient to provide 1500 N of pulling force, which can satisfy the
load demand in practical applications.
Easy installation and smooth motion. Compared with conventional motors, pneumatic
artificial muscles do not need to be assembled with gearboxes and other transmission
devices. They can be configured in the robot frame by simply connecting sealed plugs
and air hoses. Moreover, compared with cylinders, pneumatic muscles do not have
sliding parts such as pistons and can be driven more smoothly, and the efficiency
of pneumatic potential energy-mechanical energy conversion can be significantly
improved [18].
Clean and safe. Pneumatic artificial muscles’ energy source is clean and environmentally friendly, and the movement process will not pollute the environment. At the
same time, the pneumatic artificial muscle has good suppleness, which can drive
the robot well to achieve flexible active/passive suppleness control in many narrow
working environments, or on occasions with strong human-robot interaction, such as
surgery and gait rehabilitation training [19]. It is well known that the characteristics of
pneumatic artificial muscles have benefits and some shortcomings due to the specific
physical structure. This can be summarized as follows:
1.

2.

Nonlinear and time-varying characteristics. Influenced by the internal compressed air, the pneumatic artificial muscle shows a complex nonlinear relationship between air pressure and contraction length, and its system parameters can
often be identified only within a short period of operating air pressure, which
poses a challenge to establishing an accurate kinetic model in the entire operating
air pressure range [20,21].
Hysteresis and creep characteristics. Considering the existence of friction between the braided mesh and rubber tube, the elastic deformation of the rubber
tube during contraction or diastole, the pneumatic artificial muscle usually has
hysteresis and creep effect, which affects the rise of output force [22].
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3. Development and Control of the Pneumatic Soft Actuators
3.1. Development of Soft Pneumatic Robots
3D printing technology has gradually become the mainstream production technology
for soft robots [23,24]. Moreover, the application of 3D printing technology in the field
of soft robots mainly focused on 3D printing soft robot molds and 3D printing soft robot
bodies [25–27]. Most soft robots [28,29] are made of silicone and cast in 3D printing
molds. 3D printing can create molds of complex structures, allowing soft robots [30] to be
produced with complex structures [31,32]. The soft robots based on 3D printed bodies are
more complex and delicate in their internal structural design. They are less time-consuming
and costly to develop because they are directly produced by 3D printing [33–35].
In the field of soft robotics, 3D printing technologies currently used are Stereolithography (SLA), Selective Laser Sintering (SLS), Direk Ink Writing (DIW), Shape Deposition
Manufacturing (SDM), Fused Deposition Modeling (FDM). The DIW 3D printing is a direct material extrusion printing technology developed from Fused Deposition Modeling.
Currently, the DIW 3D printing covers a wide range of production, such as electrical field,
biological field, and material field, with many soft materials to choose from. Therefore, the
study of soft material 3D printing process parameter optimization for soft robots and the
DIW 3D printing of soft robots are the research hotspots in soft robot manufacturing.
The soft robot is flexible and deformable, and the sensors not only require high
precision and high bandwidth but also cannot affect the mechanical response performance
of the robot [36]. This makes it difficult to apply traditional sensors such as potentiometers
and resistance strain gauges, and there is an urgent need to develop new compatible and
embeddable sensors.
Flexible sensors on the market, such as FlexSensor, Flexiforce, Bend Sensor, stretch
Sensor are based on the principle of resistance or capacitance change of conductive materials
under strain. These sensors are flexible and can be used to measure bending, tension, stress.
However, the elastic modulus of these sensors is larger than that of silicone materials,
which will affect the motion of the soft robot.
To make the sensor better adapted to the needs of soft robots, scholars have explored
many new materials and processing processes. For example, the conductive liquid eGaIn
is injected into the micro-cavities of the silicon body, and when the body is deformed, the
internal cavity changes, thus changing the resistance of the conductive liquid [33]. By
changing the arrangement of the inner cavity channels, information such as axial strain,
pressure, and bending can be measured [37–39]. Using the Hall effect, micro magnets and
Hall elements are embedded in different parts of the soft robot body to detect the bending
curvature of the robot according to the change of magnetic field strength [40–42].
For soft robots with 3D motion, sensors are required to measure 3D information. For
example, trakSTARTM embeds a magnetic flux sensor (EM sensor) into the end-effector of
the soft body arms, providing real-time feedback on the coordinates and angles of the end
using a three-dimensional electromagnetic tracking system [43]. Embedding optical fibers
in the robot body to detect the robot’s haptics [44] or deformation [45,46] by changing in
internal light intensity. The conductive material is wrapped around an elastic core to make
a malleable conductive wire embedded in a pneumatic 3D soft body arm to measure each
cavity channel’s length and bending changes [47].
Smart materials can deform and generate voltages under the action of external physical
fields, and this feature allows smart materials to be used as sensors, too. For example,
artificial muscles made by SMA have self-awareness [48], and the pressure can be measured
by the change of capacitance during the deformation of the dielectric elastomer [49].
Because soft robots belong to the category of large deformation of the continuum,
better ductile sensing materials are needed to measure the partial pressure and strain of
the robot [50]. With the continuous improvement in the performance of sensing materials
such as elastic modulus, sensitivity, and stability and the upgrading of relative information
processing devices, the sensing technology for soft robots will develop rapidly.
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3.2. Modeling of Soft Pneumatic Robots
Essentially different from rigid robots, there is no unified framework for the analysis
of these high-degree-of-freedom soft robots [51,52]. Currently, the modeling of soft robots
is still using the continuous rigid body equations, and the most commonly used model is
the Constant Curvature (CC) model, which assumes that the configuration space of the 3D
continuum can be characterized by three parameters [53].
Since a planar continuum robot with constant curvature circular arc coverage has
approximately constant curvature in each segment, the CC model is only valid under
steady-state conditions. For a multi-segment continuum, the Piecewise Constant Curvature
(PCC) model can be obtained by joining each CC segment together [54], which is a common
modeling approach for soft robotic arms.
Trivedi proposed a beam theory modeling method for soft robotic manipulators using
beam theory and Cosserat elastic rod theory [55]. Martín proposed the natural-CCD
algorithm based on the cyclic coordinate descent (CCD) for solving the inverse kinematics
problem of hyper-redundant and soft manipulators [56]. Renda proposed an alternative
model for multisection soft manipulator dynamics based on a discrete Cosserat approach
and developed two effective algorithms [57], which obtained better model accuracy and
significantly reduced the computational time. Hyatt proposed a method for determining
the approximate kinematic model of a soft robot arm [58], which can precisely locate
the end-effector of a large soft robot manipulator, and collect data while moving the soft
robot arm.
The above modeling methods have obvious limitations, and errors in practical application or the dynamical equations are too complex and challenging to apply in practical
control tasks. Therefore, the modeling of soft robots is still an unconquered problem.
3.3. Control of Soft Pneumatic Robots
3.3.1. Control of Pneumatic Networks
One of the straightforward ways to manage the primary movement of a soft pneumatic robot is to control the pressure of the actuator directly with the reference signal of the
pressure sensor equipped on the soft pneumatic robot. Another way is to achieve deformation [59–61] with motion sensors [62] to sense the movement or deformation information
of the kinematic structure of the soft robot [63] and manage the motion of the actuator by
controlling the air intake and exhaust of the actuator. Although it is straightforward to
handle the movement of the soft actuator by direct pressure management, it still requires
a balance between quick response performance and low accuracy of control. Because of
the lack of feedback, the accuracy of the movement is usually cannot be guaranteed. In
contrast, direct control of robot motion using deformation or motion sensors requires fewer
control algorithms to achieve more accurate control.
In terms of control algorithms, although certain control models, such as the Koopman
operator and model predictive control [64–68] can be established by studying nonlinear
problems of relatively simple soft robot systems, they often face great difficulties for
soft robot systems of higher complexity. Therefore, control methods based on intelligent
bionic machine learning [69], neural networks [70,71], and other techniques [72] have been
introduced into the study of soft robot control, and are expected to achieve better solutions
in soft robot control [1,73].
For example, there is a model-based reinforcement learning method using trajectory
optimization and supervised learning [74], which is applied to closed-loop predictive
control of a soft robotic manipulator without analyzing the model. However, the method
does not examine the relationship between manipulator design and dynamics, making it
challenging to identify the sources of modeling errors or develop optimal design strategies.
There is also a non-model approach for real-time sensing of flexible actuators based on
embedded soft sensors and recurrent neural nets. This method is highly versatile and can
exchange sensor information, sensing modes, and the system itself without any changes to
the learning algorithm. However, this method currently relies on an independent external
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sensing technology to provide reference feedback, and sensors need to be rearranged in
different structures.
3.3.2. Control of Pneumatic Muscle
In contrast to traditional rigid robots, there is no unified framework for soft robots’ design, analysis, and control. The current modeling of soft robots usually uses the continuous
rigid body equation, and the simplest and most commonly used model of motion assumes
that the configuration space of a three-dimensional continuum can be characterized by
three parameters, often referred to as the constant curvature (CC) approximation [75–77].
LIANG Ding-Kun provides a more systematic discussion of control methods for
pneumatic artificial muscle soft robots, which broadly classifies pneumatic muscle-driven
robot control methods into three categories: traditional, advanced, and intelligent [16].
Specifically, considering the inherent hysteresis of pneumatic artificial muscles, a
control structure is often used to model the hysteresis as a feedforward compensator
and then combine it with a conventional feedback controller to achieve good positioning
tracking control for pneumatic muscle-driven robots. Meanwhile, considering that the
traditional control methods are difficult to deal with the unmodeled dynamics, timevarying, external disturbances, and other uncertainties of the pneumatic muscle system,
Lenz A summarized a series of more advanced control methods, such as adaptive control
methods, sliding mode control methods, and self-anti-disturbance control methods, which
reduce the accuracy requirements of the system model, while being able to compensate for
the unmodeled and uncertain [78]. These methods reduce the accuracy requirement of the
system model while compensating for unmodeled and uncertain dynamics, suppressing
unknown external disturbances, and improving control accuracy and robustness. Further,
considering it is sometimes difficult to obtain a complete model of a pneumatic muscledriven robot. Cao Y, Anh H, Robinson R proposed a series of intelligent control methods,
such as neural network control methods, fuzzy control methods, and iterative learning
control methods, which can achieve higher accuracy and more robust motion control
without relying on a specific model of the system [79].
The dynamics control of soft robots is still an intractable problem. From the study of
current soft robot control methods, it is clear that non-model methods show good control
due to the lack of better analytical models. Applying machine learning to the learning of
dynamic mapping from actuator space to task space is a feasible research method [80].
4. Challenges and Benefits in the Application
4.1. Griper in the Manufacturing
Complex application scenarios and continuous increases in labor costs have prompted
companies to upgrade their automated production iterations. The soft gripper has attracted
increasing attention, particularly for manufacturing, such as the SFG soft gripper [81], as
shown in Figure 4. It should be mentioned that the pneumatically powered elastic soft
gripper qualifies for a lightweight, elegant, and full-bodied setup. The elastic and nonskid
characters of the pneumatically powered elastic soft gripper adapt to different shapes. Its
performance has guaranteed the soft actuators as excellent choices for soft gripping and
dedicating objects. The soft material, combined with its straightforward handling, makes it
a safe choice for human-robot collaboration in manufacturing.
Various soft robots have been developed for manufacturer production and medical
applications in the related works [82]. Moreover, the corresponding gripper control techniques have been studied and investigated [83]. SRT’s SFG soft gripper (Figure 4) can
achieve safe and stable gripping of fragile and irregular shaped items in production scenarios and can easily complete a series of repetitive operations such as automatic sorting
and packing, which are widely used in food, fresh food, 3C electronics, auto parts, daily
chemicals, logistics and warehousing, pharmaceuticals and other industries [81].
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Figure 4. SFG soft gripper [81].

For example, FESTO is a leading supplier of industrial automation technology in
the field of pneumatic technology and bionic design. FESTO has combined its advanced
pneumatic technology with the bionic design of elephant trunks and octopus tentacles in
recent years and has launched the following three generations of pneumatic soft robots.
The Bionic Handling Assistant [84], shown in Figure 5, looks similar to a pliable gripper
arm with a structure and overall function modeled on an elephant’s trunk. It is powered by
corrugated pneumatic muscles and is made of polyamide using the selective laser sintering
process (SLS). The Bionic Handling Assistant has many multi-degree-of-freedom soft drive
units, thus it has strong flexibility.

Figure 5. Bionic Handling Assistant (2010) [84].

The Bionic Handling Assistant offers free mobility and pliable operation. It can
guarantee safe human-machine interaction. In the event of a collision, the pneumatic
bellows structure gives way immediately and, therefore, does not have to be carefully
shielded from humans such as conventional robots [85,86]. As a result, the Bionic Handling
Assistant offers a new way to easily and efficiently solve the problem of humans and
machines interacting safely in the factories of the future.
4.2. Bionic Application
The BionicMotionRobot [87], shown in Figure 6, is a lightweight robot with a natural
form of motion. The pneumatic lightweight robot has 12 degrees of freedom and has a
payload of three kilograms.
The arm of the BionicMotionRobot [87] consists of three flexible basic segments, each
moved by four pneumatic bellows. The complex control and regulation of the 12 flexible
bellows structures are performed by the Festo Motion Terminal VTEM. An optical shape
sensor along the system’s longitudinal axis records the whole kinematics’ position, shape,
and interactions. Thanks to this modular design, the arm can bend in three different
directions simultaneously and smoothly execute the natural movements of its biological
prototype.
The bellows are made of sturdy elastomer. Each of them is covered with a particular
3D textile knitted fabric, which functions amazingly similar to nature. Similar to the
muscle fibers in an octopus’s tentacles, its filaments are oriented to permit the bellow
configurations to expand in the required direction of movement whilst limiting this in the
other directions. It is only thanks to this new fiber technology that the power potential of
the entire kinematics can be exploited.
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Figure 6. BionicMotionRobot (2017) [87].

Thanks to its safe interaction and natural motion processes, the BionicMotionRobot
has excellent potential in a wide range of industries: especially in monotonous, repetitive,
and even dangerous activities. It can act as a third hand that plays a supporting role in
assembly, relieving the burden on humans.
The BionicSoftArm [88], shown in Figure 7, is a modular pneumatic lightweight robot.
Thanks to its modular design, the robot can be used for a wide range of applications. It can
grip and manipulate a wide range of objects and shapes in combination with various adaptive pneumatic grippers. Depending on the requirements, the length of the BionicSoftArm
can be varied with up to seven pneumatic actuators, thus providing maximum flexibility in
terms of range and mobility. This makes it very easy to implement applications that are
difficult to realize with a standard robot.

Figure 7. BionicSoftArm (2019) [88].

4.3. Medical Application
Continuous Passive Motion (CPM) [89] is a theory of rehabilitation medicine that
suggests continuous passive motion training can assist patients in repairing damaged
motor nerves, which means that CPM therapy can effectively reduce the likelihood of
disability in patients with motor dysfunction. A variety of rehabilitation exoskeleton
robots have been developed to enable patients to perform physical interaction or in the
community on their own [90–92]. Exoskeletal rehabilitation robots not only assist patients
with extension, flexion, and twisting movements but also restore the motor function of
the deviated part of the body gradually during the continuous wearing training. Among
them, the pneumatic soft rehabilitation exoskeleton device has outstanding features of
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high safety and simple structure and occupies an important position in the rehabilitation
robotics industry.
For example, a team at the Chinese University of Hong Kong used a 3D-printed
soft robotic glove (Figure 8) to help with hand rehabilitation training for stroke patients
with hemiplegia of the hand. The glove uses pneumatic soft actuators to drive passive
movements of the hand to help patients regain hand function for activities of daily living,
providing personalized and cost-effective rehabilitation training [93,94].

Figure 8. Soft Robotic Glove for rehabilitation.

Except for the rehabilitation training, open-loop position control of soft Hydraulic
Actuators for Minimally Invasive Surgery has also been developed in recent years [95,96].
Although soft pneumatic robots deliver desirable attributes for applications in minimally
invasive surgery, it is still challenging for practical application in the clinical scenario.
There was a short variety in the instrument designs and various attributes concerning their
surgical manipulation performance. Except for the benefits of flexible manipulation, the
main challenges are thin geometries, and it needs to have completely bubble-free actuators
to avoid leakage or failure, the high aspect ratio [97], etc.
5. Summary and Discussion
Current research on pneumatic soft robots [98] has demonstrated that pneumatic soft
robots can interact with humans and environments [99–101] in unique ways, move over
unknown terrain, and grasp objects of irregular shape and posture. These basic operations
open the door to applications where robots work closely with humans [102,103]. Thanks to
its mentioned benefits, increasing research interests have been attracted to the development
of novel types of pneumatic soft robots [104] in the last decades. This article aims to
investigate the solutions to develop and research the pneumatic soft robot. This paper
reviews the status and the main progress of the recent research on pneumatic soft robots.
As the robot continues to move toward practicality [105], its improvements in sensitivity, strength, and efficiency become increasingly important. Meanwhile, soft robots’
unmanned and intelligent control is an important direction for future development. It is
believed that in the near future, with the integration of industrial design into related technologies, advances in this field will produce new lifestyles and industry changes, allowing
intelligent pneumatic soft robots to serve all aspects of society and production.
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