
IEEE TRANSACTIONS ON ROBOTICS, VOL. 40, 2024 3565

Precise Control of Soft Robots Amidst Uncertain
Environmental Contacts and Forces
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Abstract—Recent studies have reported on the remarkable abil-
ity of bioinspired soft robots to exhibit dexterous and contact-
friendly motions. However, for these robots with deformable bodies,
it is extremely challenging to achieve precise and robust control
when undergoing uncertain forces and contact in the environment.
In this work, we take a first step to address this issue for slender
pneumatic soft robots by proposing a comprehensive modeling and
control framework. Our framework employs a fully parametrized
model that accurately describes both robot configurations and
distributed forces using Hermite interpolation. Leveraging this
model, we further establish an estimation algorithm that can infer
complete robot configurations and distributed external forces from
limited motion data, enabling perception of contact locations and
forces. Integrating this model and estimator, our control frame-
work achieves precise robot motion control under diverse forces,
with the average trajectory tracking error within 0.3 mm. It also
detects and adapts to uncertain contact, demonstrated in tests of
automatic obstacle avoidance and precise grasping. This frame-
work holds promise for various applications such as environmental
exploration and safe manipulation, where compliant interaction
with the environment is required.

Index Terms—Environmental contact, force estimation, physics-
based modeling, soft robotics.

I. INTRODUCTION

SOFT robots possess a key advantage over rigid robots in that
they can undergo compliant deformation upon contacting

with their environment. This unique characteristic endows soft
robots with improved safety in human–robot interaction, adapt-
ability to diverse environments, and operational robustness [1],
[2], [3], making them highly promising in the fields such as
healthcare [4], [5], [6], compliant grasping [7], [8], [9], and envi-
ronmental exploration [10], [11]. However, the use of compliant
materials brings infinite passive degrees of freedoms leading to
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the challenges of precise modeling and control, especially with
random payloads and unconstructive environments.

To address this challenge, extensive research efforts have
been dedicated to developing model-based control strategies
for soft robots. Among these works, the static and dynamic
behaviors of soft robots have been characterized by a range
of modeling techniques including physical methods such as
spatial rod theories [12], [13], [14], [15], finite element meth-
ods [16], [17], [18], [19], and lumped system modeling [20],
[21], as well as data-driven methods such as recurrent neural
networks [22], [23], Koopman operator theory [24], [25], and
Gaussian process regression [26]. Subsequently, the established
models provide a foundation for implementing different control
algorithms such as model predictive control [24], [27], feedback-
linearization [28], [29], [30], and reinforcement learning [18],
[31] across various soft robotic systems.

Nevertheless, the existing works mainly focus on the con-
trol of soft robots in free or predefined spaces. Unfortunately,
achieving precise motion control for soft robots amidst uncertain
contact and varying loads remains an unresolved challenge.
This issue holds significant importance as the compliance ad-
vantage of soft robots only show during interactions with their
environment. However, when these robots deform under uncer-
tain contact conditions, achieving precise motion control be-
comes exceedingly difficult. The primary obstacles here include:
i) perception of comprehensive interaction states between the
soft robot and its environment—encompassing contact loca-
tion and interaction forces—despite limited sensory input;
ii) translating this perceived information into a control strategy
adaptable to unknown working conditions, such as uncertain
obstacles, manipulated objects, and diverse distributed payloads.

For the perception system, various types of external (e.g.,
vision [32], [33]) and embedded sensing techniques (such as
soft strain sensors [34], [35], optical fiber sensors [36], and
liquid metal sensors [37], [38]) have been applied to measure
the motion states of soft robots. However, the comprehensive
force sensing is still difficult. Though some soft tactile sen-
sors have been integrated to soft robotic systems to detect
external forces [39], [40], [41], the density of sensory units
and measurement accuracy are usually limited by the crosstalk
noise of electromagnetic signals and manufacture difficulties.
More importantly, most of the current soft tactile sensors can
only measure the force component perpendicular to the contact
surface rather than the complete 3-D force vector.

In contrast to direct force sensing, some other works indicate
the feasibility to estimate the forces acted on the soft robot by
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Fig. 1. Outline of this work. (a) Schematic illustration of a physics-model-based control framework for soft robots, integrated by a motion-force multimodal
estimator and a feedback controller with real-time parameter update. (b) Proposed method enables soft robot performing various tasks with automatic response to
uncertain working conditions, such as precise tracking control with arbitrary external payloads, automatic obstacle avoidance in unstructured environments, and
precise robotic grasping of arbitrary objects.

measuring the motions or deformations [42], [43], [44], [45].
These works harness the inherent mechanical relation between
the external forces and the motions of soft robots, which can
be computed with a physical or data-driven model. Therefore,
the difficulty in integrating stable force sensing system can be
avoided by pure motion perception. However, existing force
estimation algorithms often face limitations—some are compu-
tationally intensive for real-time implementation, while others
are constrained to simplified scenarios involving concentrated
payloads. These limitations may hinder their practical applica-
tion in real-time control under uncertain contact conditions.

To the best of our knowledge, there is no existing work
that has employed comprehensive motion-force perception to
controller designs for soft robots under uncertain contact with
the environment and varying distributed loads. In this study,
we take a first step to address this issue by developing a new
physical-model-based control framework of soft robots [see
Fig. 1(a)], enabling adaptive responses to uncertain payloads,
obstacles, and interacting objects [see Fig. 1(b)]. The essence of
this framework lies in the establishment of a physical model that
accurately parameterizes both the continuum motion states and
continuously distributed external forces. Based on this model,

we develop a multimodal estimator for soft robots that can
compute the real-time continuum kinematic configurations and
the distributions of external forces using limited motion sens-
ing units. The combination of this estimator with model-based
controllers enables precise motion control of soft robots in the
presence of various uncertain working conditions. Specially, the
developed estimator facilitates the recognition of obstacles in
the environment and interacting objects, leading to intelligent
applications such as autonomous obstacle avoidance with a soft
manipulator and adaptive precise grasping with a soft robotic
gripper. Thus, the proposed framework provides a foundation
for empowering soft robots to exhibit intelligent behavior and
interact effectively with their surrounding environments.

In summary, the main contributions of this work can be
emphasized as follows:

i) A fully parameterized physical model of soft robots. Un-
like other parameterized models purely focusing on de-
scribing the continuum robot configurations, we present a
unified Hermite interpolation-based method to represent
both the continuously distributed external forces and
robot configurations simultaneously with finite param-
eters.
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ii) A motion-force multimodal estimation algorithm. With
this developed algorithm, the infinite-DOF robot config-
urations and continuously distributed external forces can
be both estimated with finite sensing data in real time.
Therefore, the interaction states between the soft robot
and the environment (including the location of contact
and interaction forces) can be efficiently detected.

iii) Model-based controllers integrated with the developed
multimodal estimator. The designed controllers make the
soft robot robust against randomly distributed payloads,
obstacles, and interacting objects, which are verified by
the tests of trajectory tracking, automatic obstacle avoid-
ance, and precise grasping. By our introduction for the
concept of virtual payloads, these controllers can work
well even with nonnegligible modeling errors.

The rest of this article is organized as follows: In Section II,
the fully parameterized physical model is presented. Based on
this model, in Section III, we develop and verify a motion-force
multimodal estimation algorithm. In Section IV, we integrate
the multimodal estimator to controller designs for soft robots
experiencing randomly distributed payloads. In Sections V and
VI, we extend our developments for the tasks of autonomous
obstacle avoidance and precise robotic grasping, respectively.
Finally, Section VII concludes this article.

II. PARAMETRIC MODELING OF SOFT ROBOTS

For soft robots, both the external forces (including the gravity)
and the material deformation are distributed in their 3-D soft
structures, which can be represented by a set of continuous
functions of spatial material coordinates. Besides, polynomial
interpolation is commonly used to approximate continuous func-
tions by using the function values at defined nodes. Among
the polynomial interpolation approaches, Hermite interpolation
uses both function values and their derivatives to construct
interpolating polynomials achieving better continuity and ap-
proximation to the original functions. Utilizing this technique to
parameterize the continuous displacement field of flexible or soft
structure, the method named absolute nodal coordinate formula-
tion (ANCF) [46] has been applied for the kinematic modeling of
soft robots [47], [48], [49]. However, in these ANCF-based mod-
els, only the continuum robot configurations are parametrically
described, which is not enough for the analysis and estimation
of continuously distributed external forces. In this work, we
first utilize Hermite interpolation to map a finite-dimensional
parameter vector F to the distributed forces, which is integrated
with the ANCF-based motion parameterization. Then, we de-
velop a fully parametrized model of soft robots where both
the continuum robot configurations and continuously distributed
external forces are completely described. In the following, we
will present how this is achieved.

As illustrated in Fig. 2, we first discretize the soft robot
into a set of elements along its backbone, where each element
has two nodes defined at the both ends. Then, a local material
coordinate system O-XYZ is defined for each element to label
the material particles, where X is the axial coordinate, and Y
and Z are coordinates perpendicular to it. Hence, the fields

Fig. 2. Schematic diagram of the discretization for the soft robot.

of both displacements and external forces can be represented
by vector-valued functions in the form as f(X) ∈ R3, where
X ∈ R3 is the material coordinate defined in the system O-XYZ.
To approximately describe such functions by finite parameters,
we assume the expression of f(X) as the following polynomials:

f (X) =

⎡
⎣
∑4

i=1 aiX
i−1 + a5Y + a6Z + a7XY + a8XZ∑4

i=1 biX
i−1 + b5Y + b6Z + b7XY + b8XZ∑4

i=1 ciX
i−1 + c5Y + c6Z + c7XY + c8XZ

⎤
⎦
(1)

where ai, bi, and ci are polynomial coefficients. The function
values and their gradients of f(X) at the both nodes are denoted
as fi ∈ R3 (i = 1, 2) and fiL = ∂f/∂L (i = 1, 2, L = X,Y, Z),
respectively. For one element, if the values of fi and fiL are given,
the polynomial coefficients in (1) can be obtained as

[
a1 b1 c1

]
= f1

T ,
[
a2 b2 c2

]
= f1X

T

[
a3 b3 c3

]
= − f2X

T+2f1X
T

Le
+ 3(f2−f1)

T

Le
2[

a4 b4 c4
]
= f2X

T+f1X
T

Le
2 + 2(f1−f2)

T

Le
3[

a5 b5 c5
]
= f1Y

T ,
[
a6 b6 c6

]
= f1Z

T

[
a7 b7 c7

]
= f2Y

T−f1Y
T

Le[
a8 b8 c8

]
= f2Z

T−f1Z
T

Le

(2)

where Le is the element length in the undeformed state. Thus,
(1) can be rewritten as

f (X) = f1 + f1XX −
[
f2X + 2f1X

Le
− 3 (f2 − f1)

Le
2

]
X2

+

[
f2X + f1X

Le
2 +

2 (f1 − f2)

Le
3

]
X3 + f1Y Y + f1ZZ

+
f2Y − f1Y

Le
XY +

f2Z − f1Z
Le

XZ. (3)

For simplification, (3) can also be expressed by

f (X) = S (X)
[
f1

T f1X
T f1Y

T f1Z
T

f2
T f2X

T f2Y
T f2Z

T
]T (4)
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where S(X) = [s1I s2I . . . s8I] is a 3× 24 matrix, and si

are polynomials with respect to X =
[
X Y Z

]T
defined as

s1 = 1− 3X2

Le
2 +

2X3

Le
3 , s2 = X − 2X2

Le
+

2X3

Le
2

s3 = Y − XY

Le
, s4 = Z − XZ

Le
, s5 =

3X2

Le
2 − 2X3

Le
3

s6 = − X2

Le
+

X3

Le
2 , s7 =

XY

Le
, s8 =

XZ

Le
. (5)

As shown in Fig. 2, when f(X) refers to the displacement field
r(X) of an element, fi = ri and fiL = riL will represent the
nodal positions and their gradients, respectively. Then, accord-
ing to (4), the expression of r(X) can be written as

r (X) = S (X)
[
q1

T q2
T
]T

(6)

where qi ∈ R12 denotes absolute nodal coordinates defined as

qi =
[
ri

T riX
T riY

T riZ
T
]T

. (7)

Then, qe = [q1
T q2

T ]T ∈ R24 is referred to as elemental ab-
solute coordinates. Similarly, when f(X) refers to the field of ex-
ternal forces w(X) ∈ R3, fi = wi ∈ R3, and fiL = wiL ∈ R3

will represent the nodal payloads and their gradients. Then, the
expression of w(X) can be written as

w (X) = S (X)
[
F1

T F2
T
]T

(8)

whereFi ∈ R12 is referred to as absolute nodal payloads defined
as

Fi =
[
wi

T wiX
T wiY

T wiZ
T
]T

. (9)

Besides, we define Fe = [F1
T F2

T ]T ∈ R24 as the elemental
absolute payload. In this sense, we achieve complete descrip-
tions of kinematic configurations and continuously distributed
forces for soft robots with finite parameters as expressed in (10)
and (11), respectively

q ∈ nq =
[
q1

T q2
T · · ·qn

T
]T

(10)

F ∈ nq =
[
F1

T F2
T · · ·Fn

T
]T

. (11)

We may mention that, the degree of the interpolating polyno-
mials (1) is three, because we only use the function values
and their first-order derivatives as parameters. It may not be
necessary to introduce derivatives with higher orders, as the
first-order positional derivatives (riX , riY , and riZ) already
include the information of the robot’s orientation Ri and local
deformation Ui at the ith node, which can be extracted using
the right polar decomposition, i.e., [riX riY riZ ] = Ri ·Ui

[50]. By combining this information with the function value
itself, the used parameters can fully describe the motion states of
the nodes. Therefore, by adjusting the number of nodes, we can
fit the entire 3-D shape of the soft robot as well as the distributed
forces acted on it with adjustable accuracy.

The discussed method can also be simplified for soft robots
with slender structures (such as the planar soft manipulators
and soft robotic fingers that will be introduced in the following

sections), where the material coordinate reduces from X ∈ R3

to X ∈ R (i.e., the axial arc coordinate). Hence, (1) can be
simplified into

f(X) =
[∑4

i=1 aiX
i−1

∑4
i=1 biX

i−1
∑4

i=1 ciX
i−1

]T
.

(12)
Similar with the processes of (2)–(4), the coefficients of (12)
can be obtained through Hermite interpolation method, and the
resulted function can be expressed as

f(X) = S(X)
[
f1

T f1X
T f2

T f2X
T
]T

(13)

whereS(X) = [s1I s2I s3I s4I]with si (i = 1, 2, 3, 4) de-
fined as

s1 =
2X3

Le
3 − 3X2

Le
2 + 1, s2 =

X3

Le
2 − 2X2

Le
+X

s3 = − 2X3

Le
3 +

3X2

Le
2 , s4 =

X3

Le
2 − X2

Le
. (14)

In addition, the expressions of absolute nodal coordinates and
absolute nodal payloads are reduced from (7) and (9) to (15)

qi =
[
ri

T riX
T
]T

,Fi =
[
wi

T wiX
T
]T

. (15)

Thus, the resulted elemental displacement field and the external
force field can be rewritten as

r(X) = S(X)
[
q1

T q2
T
]T

w(X) = S(X)
[
F1

T F2
T
]T

. (16)

For soft robots under low-speed conditions, the equilibrium
equation below should be satisfied

Q (F,q,P) = QF (F) +QE (q) +QA (q,P) = 0 (17)

where QF , QE , and QA ∈ Rnq are the generalized force vec-
tors corresponding to external payloads (including the gravity),
elasticity, and actuation, respectively, and Q represents the total
generalized force of the system. The expression of QA and QE

can be obtained according to the following:

QA (q,P) =
∂WA (q,P)

∂q
(18)

QE (q) = − UE (q)

∂q
(19)

where WA is the work done by the actuation forces and UE

represents the elastic potential energy of the soft structure. With
linear elastic assumptions, the derivation of WA and UE for
spatial and planar pneumatic soft robots have been reported
in [48] and [49], respectively. Besides, the expression of QF

can be obtained with the virtual work principle. For one element
of the soft robot, the virtual work done by the payload w(X)
can be calculated as

δWF (F) =

∫
V

δr(X)Tw (X) dX. (20)

Substituting (6) and (8) (or (16)) into (20), the result is given as

δWF (F) = δqe
T

[∫
V

S(X)TS (X) dX

]
Fe. (21)
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Fig. 3. Comparisons between our developed estimator and the direct solution based on (24) when the robot configuration is completely measured. (a) Schematic
illustration of the small error (ds = 0.01 mm) existing in the measurement of the ith node’s position. (b) Estimated forces distributed on the robot by (24) are
compared with the reference. (c) Effects of our developed estimation method.

Hence, the elemental generalized force Qe
F is obtained as

Qe
F (Fe) =

[∫
V

S(X)TS (X) dX

]
Fe. (22)

Assembling the result of (22) of all the elements, the global
generalized force vectorQF can be obtained. According to (22),
it is notable thatQF is linear with the defined payload parameters
F. Therefore, we can also express QF in the following form:

QF = JQFF (23)

where JQF ∈ Rnq×nq is a constant matrix for a soft robot.
The linear relationship (23) is brought by our parametric

construction of the continuous payload function w(X). This
feature can further contribute to an analytical Jacobian-based
mapping between the robot configuration q and F, which is
crucial for the design of the multimodal estimator in this work.
We will demonstrate this point in the following Section III.

III. MOTION-FORCE MULTIMODAL ESTIMATION

When the actuation pressures P is given, the parametric
model (17) describes the relationship between the configuration
variables q and the parameters of distributed forces F, making
it possible for us to estimate the external forces by the measured
robot configuration. However, it is not easy to obtain a complete
measurement of the soft robot’s configuration, especially for the
positional derivatives that include the information of orientation
and material deformation at all the defined nodes. In addition,
errors in motion measurement can lead to serious errors in
force estimation. To address these issues, this section aims to
develop an algorithm to estimate both the complete kinematic
configuration q and parameters of external payloads F purely
by limited motion measurement information. According to the

multiple outputs (q and F) of this algorithm, we refer to it as a
motion-force multimodal estimator in this article.

Before introducing this multimodal estimation method, we
first introduce the calculation of the payload parameter F when
the robot’s configuration variable q can be fully measured.
We may mention that, with the given values of the kinematic
configuration q and the actuation pressures P, the generalized
force vectors QE , and QA can be both calculated out by (18)
and (19), respectively. Then, QF can be also obtained with (17).
Therefore, if the robot configuration q is fully measured, the
parameters of distributed external forces acted on the robot can
be directly calculated out by (23), and the result reads as

F = −(JQF )
−1 [QE (q) +QA (q,P)] . (24)

However, the result of (24) could be extremely sensitive to
the measurement errors of the robot configuration due to the
anisotropic structure stiffness. We would like to clarify this
point with the following simulation tests (see also in Fig. 3):
We discrete a simulated two-section soft robot (with the length
of 20 cm, flexural rigidity of 0.02 N ·m2, and tensile rigidity
of 300 N) into 10 elements. The positions and orientations of
the robot are completely measured in all the defined nodes.
However, a very small error (ds = 0.01 mm) exists for the
measurement of the ith node’s position [as shown in Fig. 3(a)].
Even the measurement error is such a small one, large errors will
be produced in the calculation of external forces [as shown in
Fig. 3(b)]. The reason is that, with distributed forces, the robot
will easily bend due to its slender structure, but it can diffi-
cultly elongate due to the large elongation stiffness. Therefore,
small measurement error of the robot configuration will produce
large estimated force in the axial direction (the large-stiffness
direction).
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Besides the sensitivity to the measurement error, (24) requires
the data of the complete robot configuration, which could be
difficult in practice. In common cases, we can only obtain a part
of configuration information Aq ∈ Rnob , where A ∈ Rnob×nq

is a constant selection matrix. To address the issues, we can
formulate the following optimization model to estimate both the
actual kinematic configuration q and parameters of distributed
forces F with the observed value of Aq (denoted as q̄ob):

min
q,F

(Aq− q̄ob)
TW (Aq− q̄ob) +H (F)

subject to Q (F,q,P) = 0 (25)

where W is a constant diagonal matrix of weight coefficients
and H(·) is a penalty function defined as

H (F) = α

ne∑
i=1

∫ Li

0

wi(X)Twi(X)dX (26)

with ne, Li, wi(X), and α denoting the number of discrete
elements, elemental length, the payload function of the ith
element, and a constant coefficient, respectively. Substituting
(16) into (26), the expression of H(F) can be simplified into
H(F) = αFTBF, where B ∈ Rnq×nq is a constant matrix.
In this optimization model, we do not impose Aq = q̄ob to
the estimated result of q. Instead, we allow the existence of
small deviation between the estimated robot configuration and
the measured data. This is achieved by the designed objective
function in (25). There are two terms in this function. The first
term makesAq close to q̄ob, while the penalty function prevents
the severe estimation error of forces caused by the anisotropic
stiffness and measurement errors.

Nevertheless, it is difficult to solve the optimization model
(25) directly due to the nonlinear constraint equations. We
may mention that the constraint equation used in (25) actually
represent the relation among F, q, and P. Thus, we can regard
the configuration parameters q as a function of the payload
parameters F (with the value of P given), and rewrite (25) into
the following unconstrained optimization model:

min
F

g (F) = (Aq (F)− q̄ob)
TW (Aq (F)− q̄ob) +H (F) .

(27)
Although the computation of q(F) relies on numerical algo-
rithm, by combining (17) and (23), we can analytically calculate
the gradient of q(F) as

JqF ∈ Rnq×nq =
∂q

∂F
= −

[
∂ (QA +QE)

∂q

]−1

JQF . (28)

Thanks to this analytical Jacobian-based mapping between q
and payload parameters F, the gradient of the objective function
g(F) can be expressed analytically as

∂g (F)

∂F
=

[
2
(
q(F)TAT − q̄T

ob

)
WAJqF

]T
+ 2αBF = 0.

(29)
The Hessian matrix of g(F) is subsequently obtained as

∂2g (F)

∂F2
= 2JqF

TATWAJqF + 2αB. (30)

In the formulas above, we utilize the differentiable relation
between the robot configurations q and payload parameters
F, which contributes to the analytical expressions in (29) and
(30). Hence, we can efficiently solve the obtained unconstrained
optimization model (27) using classical Newton’s method. This
algorithm can achieve convergence to the optimal solution F∗

when the Hessian matrix is positive definite and the initial value
of the vector F is near the solution [51]. Therefore, we set
the values of W and α to ensure the positive definiteness of
(30). In addition, for the ith control step, we use the solution of
the last step F∗

i−1 as the initial value. Meanwhile, to avoid the
influence of the rapidly changing forces between two steps on the
convergence, we generate an incremental sequence of the input
sensor information from q̄i−1

ob to q̄i
ob and solve the optimization

model successively according to the sequence. By these ways,
the convergence of the algorithm can thus be ensured.

As shown in Fig. 3(c), by using this method, the estimated
errors caused by the measurement inaccuracy are almost elim-
inated. Besides the result shown in Fig. 3(c) where q is com-
pletely measured for force estimation, our developed method can
also use limited data to estimate the complete robot configura-
tions and distributed forces. This point can be demonstrated by
the following simulation test. We divide the aforementioned soft
robot into 20 elements. Only parts of the nodes are served as the
feature points for configuration measurement. Besides, we only
use the nodal position (without the orientation information) for
the motion-force estimation. As three cases, Fig. 4(a) compares
the estimated forces (by different number of feature points)
with the references. The average errors of the estimated back-
bone positions and payloads are also presented in Fig. 4(b),
which are plotted as functions of the number of feature points.

The result presented above relies on the assumption that the
developed physical model is completely accurate. However, in
practice, the mechanical behavior of soft robots cannot exactly
match the physical model due to the uncertainties like fabrication
errors. With an inaccurate model, a virtual payload will be
calculated out by the developed estimator even there are no
actual payloads. As an illustration, Fig. 5(a) shows the estimated
virtual payload induced by the errors of the actuation torque
M and the flexural rigidity Kb, respectively. We may mention
that, the effects of the calculated virtual forces to the robot
motions are equivalent to the errors of the modeled mechanical
behavior. Therefore, the kinematic configuration of the robot
can still be well estimated even with the significant modeling
errors [see Fig. 5(b) and 5(c)]. In addition, the real payload
acted on the soft robot can be calculated out by subtracting the
virtual payload (obtained by using the real robot moving along
given trajectories without external payloads) from the estimated
one. These features of the virtual payload are also verified and
utilized by the applications presented in the following sections.
In addition, we may note that the main feature of the developed
estimation algorithm is that it can obtain the complete robot
configuration as well as the external forces by limited (or inac-
curate) measurement ofq. According to the definition ofq in this
work, the input of this algorithm could be partial nodal positions,
orientations, or material deformations. For the convenience of
experimental verifications introduced in the following sections,
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Fig. 4. Numerical validation of the developed multimodal estimator. (a) In the cases where only the positions of the feature points are measured, the estimated
forces with different number of feature points are compared. (b) Estimation errors are plotted as functions of the number of feature points.

Fig. 5. Simulation illustrations of the virtual payload. (a) Effects of model errors are considered by the introduction of virtual payloads. (b)–(c) The estimated
backbone shapes of the robot with inaccurate models are illustrated, along with the corresponding virtual payloads.

we will use a camera system to measure the partial information
of nodal positions in this work.

IV. PRECISE TRAJECTORY TRACKING CONTROL WITH

UNCERTAIN FORCES

Utilizing the proposed multimodal estimator, we develop
a control strategy specifically for soft robots operating under

randomly distributed payloads. To validate the effectiveness
of this controller, experiments are conducted on a two-section
pneumatic soft robot [see Fig. 6(a)] with five motion capture
markers attached on its backbone.

For the experimental setup, each robot section is made of
two commercial PVC tubes with diameters of 18 mm (Yingli
Plastic Company, Ltd.), steel wires with diameters of 0.6 mm
(Xiangpeng Metal Technology Company, Ltd.), and 3-D printed
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Fig. 6. Experimental results of trajectory tracking tests for the soft robot subjected to randomly distributed payloads. (a) Pictures of the used two-section soft
robot subjected to arbitrary payloads. (b) Simplified illustration on the developed control strategy employed for the trajectory tracking control. (c) Comparative
results of trajectory tracking tests using the developed controller with real-time parameter updater and the purely feedforward controller. (d) During the trajectory
tracking tests, the average estimated forces, which include the contributions from both the external payloads and the virtual payloads, are displayed.

terminal connectors (Imagine 8000, SOMOS Inc.). The length of
each robot section is 120 mm, and the flexural rigidity is 0.025
N ·m2 (identified by static loading tests [49]). To actuate the
soft robot, a pneumatic regulation platform is also established.
In this platform, the upper control commands of desired input
pressures are sent by MATLAB run on a PC. Then, the control
commands transfer to a control module (MicroLabBox-DS1202,
dSPACE) by the serial port. The dc voltage signals generated
by the control module are used to adjust the output pressures
of electronic pressure regulators (QB1XANEEN100P400KPG,
Proportion-Air). Besides, a camera system (Optitrack, Prime 13)
is configured to capture the positions of markers arranged on the
soft robots.

The control strategy, as shown in Fig. 6(b), comprises a
feedforward controller, which utilizes the physical model to
determine the actuation pressure required by the soft robot to

achieve the desired trajectory. Moreover, the proposed multi-
modal estimator plays a crucial role in updating the controller’s
parameters related to the payload. In practice, the feedforward
controller is implemented based on (17). In this equation, the
kinematic configuration vector q contains the elements of the
end-effector position x. Then, given the desired end-effector
position xd and payload parameters F̂, the actuation pressure P
can be obtained by solving (17) with Newton–Raphson method.
Thus, we gain an inverse kinematic function fIK(xd, F̂) to
achieve feedforward control. Although the value of F̂ could be
directly given by the result of F̄ calculated by the proposed esti-
mation algorithm in real time, we utilize the following parameter
updater to achieve better stability:

˙̂F = KP

(
F̄− F̂

)
+KI

∫ (
F̄− F̂

)
dt (31)
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Fig. 7. Experimental results of the trajectory tracking tests with a soft parallel robot that experiences an uncertain concentrated force on its end-effector.
(a) Picture of a soft parallel robot subjected to an end-effector payload. (b) Evolution of the estimated forces, including the virtual payloads, throughout the
trajectory tracking tests. (c) Comparisons between the trajectory tracking results obtained with the developed controller with parameter updater and the purely
feedforward controller.

Taking the derivative of (31) with respect to time, we ob-

tain ¨̂F+KP (
˙̂F− ˙̄F) +KI(F̂− F̄) = 0. Assuming that the

external payloads change slowly (¨̄F ≈ 0), the former equation
can be further rewritten into ëF +KP ėF +KIeF = 0, where
eF = F̂− F̄. In this work, we set KP = 2

√
KI = 4 to ensure

the parameter vector F̂ can converge to F̄ without overshoot. In
addition, the resulted 2% settling time is about 1.96 s, which
is sufficient for the conditions where the external forces do
not change rapidly. It should be noted that the virtual payload
introduced in Section III is also incorporated in F̂, enabling the
parameter updater shown in Fig. 6(b) to handle the influence of
modeling errors.

As presented in Fig. 6(c), we compare the performance of the
purely feedforward controller (without the parameter updater)
and the proposed control strategy by trajectory tracking tests
with randomly distributed payloads, where the control frequency
fc is 30 Hz. The obtained average tracking error with the purely
feedforward controller range from 3.2 to 43.6 mm under differ-
ent payload conditions. In contrast, the developed controller with
adaptive parameter updater reduced the average tracking error to
a significantly lower range of 0.2 to 0.3 mm. These comparative
results clearly demonstrate the effectiveness of our developed

control strategy in achieving precise control with robustness
against uncertain payloads.

It is worth noting that even in the payload-free case (i.e.,
payload #1 in Fig. 6), the purely feedforward controller still
exhibited significant tracking errors. This can be attributed to
the inaccuracies inherent in the physical model used by the
controller. In contrast, our developed control strategy effec-
tively compensates for this uncertainty by incorporating the
virtual payload induced by modeling errors. Consequently, the
controller showcases improved tracking performance across all
payload conditions. In addition, the average time required for
motion-force estimation and controller computation in each step
is 3.2 ms. This indicates that the proposed control strategy can
achieve real-time adjustment according to external disturbances
(see the supplemental video Movie S1).

The proposed method can be extended to cases where it is
inconvenient to configure multiple sensory units on the soft
robots. For instance, in the case of a soft parallel robot com-
prising three soft actuators [see Fig. 7(a)], it may be challenging
to directly capture the backbone motions using markers placed
on the actuator surfaces. Instead, an alternative approach is to
capture the position of the end-effector, which is subjected to a
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Fig. 8. Experimental results of payload estimation. (a) Pictures of soft parallel robots loaded with given weights. (b) Comparisons between the estimated mass
of the hanging weights and the actual values.

concentrated payload. In such cases, our proposed method can
be simplified to estimate the concentrated payload acting on
a specific location. First, we can define a node at the stressed
point during the discretization processes discussed in Section II.
Consequently, the geometrical constraint for q can be written as

x̄ = Axq (32)

where Ax ∈ R3×nq is a constant matrix that maps the global
configuration variables q to the nodal position x̄. In addition,
the payload parameters F of the soft robot can be reduced to the
given nodal payload, i.e., F ∈ R3. Then, the virtual work done
by the concentrated payload can be calculated as

QF (F)
T δq = FT δ (Axq) . (33)

Hence, we obtain the generalized force of F with respect to the
defined generalized coordinates q, which can be expressed by

QF (F) = Ax
TF. (34)

Therefore, the constraints for static equilibrium (17) can be
rewritten as

QE (q) +QA (q,P) +Ax
TF = 0. (35)

By combining (32) and (35) with Newton–Raphson method, q
and F can be obtained according to the given actuation pressure
P and measured position x̄.

Using the same control architecture illustrated in Fig. 6(b),
we employ the soft parallel robot to track the desired trajectory.
Details of this robot are provided in [48]. Fig. 7(b) illustrates
the evolution of the estimated concentrated payload, including
the virtual payload, throughout the entire trajectory tracking
process. The trajectories obtained using the purely feedforward
controller and the controller with real-time parameter estimation
are presented in Fig. 7(c). The comparative results demonstrate

the robustness and precision of the proposed estimation algo-
rithm and control strategy, with the average tracking error of
0.2 mm. Besides, we demonstrate the response of the controller
to time-varying disturbances in the supplemental video Movie
S2. These findings highlight the effectiveness and versatility of
the developed control framework, even in scenarios where direct
measurement of the backbone motions is impractical.

In addition to the high-precise trajectory tracking perfor-
mance, our method can also be used to estimate the actual
payloads on the soft robot. To clarify this point, we put varying
weights (with the mass ranging from 0–200 g) on the soft parallel
robots with three different configurations, as shown in Fig. 8(a).
Then, the displacement of the end-effector is used to estimate
the mass of weights. We may note that, in order to reduce
the influence of the virtual payload, we use the relative dis-
placements of the end-effector during loading rather than using
the absolute position information. The experimental results are
presented in Fig. 8(b), where the actual mass and the estimated
one are compared. The results show that the average estimation
errors under the three configurations are 4.9 g, 2.4 g, and 7.9 g,
respectively.

V. AUTOMATIC OBSTACLE AVOIDANCE

In certain application scenarios, such as exploration and res-
cue missions, robots are often required to operate in unstructured
environments with uncertain obstacles. Soft robots offer great
potential for such scenarios, as they are compliant and can
provide safe interaction with the environment. However, it is
elusive to endow soft robots with the adaptability under uncertain
contacts. In this study, we demonstrate that our developed multi-
modal estimator and control framework can be used for obstacle
perception and automatic motion control when uncertain contact
occurs.
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Fig. 9. Experimental results of autonomous obstacle avoidance for soft robots. (a) Comparisons between the real state and estimated configuration of a five-section
soft robot when contacting with an obstacle. (b) Comparisons of estimated forces, including the virtual forces, in the presence and absence of an obstacle.
(c) Estimation result of the real force distribution is obtained by subtracting the virtual payload from the estimated one. (d) Pictures showing the sequential
processes of the soft robot: contacting the obstacle, recognizing its presence, avoiding it, and eventually reaching the target point.

To this end, we fabricate a five-section pneumatic soft robot
operating within a confined environment, as shown in Fig. 9(a).
The length of each robot section is 93 mm, while other details
of this robot are the same to the two-section robot introduced in
Section IV. Our proposed motion-force multimodal estimation
strategy is implemented on this robot, allowing us to estimate
the external forces acting on the robot (with six motion cap-
ture markers) and thereby determine the position of contacting
obstacles. To minimize the influence of model inaccuracies on
obstacle perception, we initially guide the robot along a prede-
termined trajectory without obstacles and record the estimated
virtual payload. As shown in Fig. 9(b), when the contact first
occurs, the contact force is small, resulting in the estimated force
being close to the previously recorded virtual payload without
the obstacle. However, by directly subtracting, we can extract
the real distribution of the contact force, as shown in Fig. 9(c).

The peak of this obtained force distribution indicates the obsta-
cle’s location, with an estimated error of approximately 1.5 cm
compared to the actual obstacle position. It should be noted that
the accuracy of this estimation is dependent on the density of
the measured feature points. In our experimental setup, we use
six motion capture markers arranged on the rigid connectors and
the end-effector of the robot, which is proved sufficient for the
obstacle avoidance tasks discussed in this section.

To enable automatic target reaching with obstacle avoidance,
we develop a shape kinematic control strategy for the multisec-
tional soft robots. This feedback strategy combines the artifi-
cial potential field algorithm [52] with our established model,
which is discussed in the following. The approach involves
constructing two artificial potential fields: an attractive field and
a repulsive field. The attractive field is utilized to adjust the
position of the end-effector toward the desired target point. The
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attractive potential function can be expressed by

Uatt = ζ ‖xe − xgoal‖ (36)

where xe and xgoal represent the positions of the end-effector
and the target point, respectively, and ζ is a positive constant
related to the field magnitude. The gradients of Uatt with respect
to xe always points from the target point to the end-effector

∂Uatt

∂xe
=

ζ

‖xe − xgoal‖ (xe − xgoal) . (37)

Furthermore, the repulsive fieldUrep is employed to influence the
selected control points of the soft robot. These control points
are determined as the points closest to the obstacle for each
discretized element, with a constraint that the distance to the
obstacle should be within a specified parameter Q0. Let xci

denote the position of the ith control point and xobs represent
the position of the obstacle. The expression ofUrep, the repulsive
potential function, can be written as

Urep =

nc∑
i=1

αr

(
1

‖xci − xobs‖ − 1

Q0

)2

(38)

whereαr is a positive constant. The gradients ofUrep with respect
to xci point from the control points to the obstacle, which can
be found in

∂Urep

∂xci

= α

(
1

Q0
− 1

‖xci − xobs‖
)

xci − xobs

‖xci − xobs‖3/2
. (39)

In quasi-static conditions, xci and xe are controlled by the
actuation pressures P of the robot. Hence, the resultant field
Ut = Uatt + Urep can be considered as a function of P. In order
to control the end-effector to the target while avoiding the obsta-
cle, we apply the following control strategy based on gradient
descent:

Ṗ = −β
∂Ut

∂P
(40)

denoting β as a positive coefficient determining the output
velocity of the robot. According to the chain rule, ∂Ut/∂P can
be calculated by

∂Ut

∂P
=

∂Ut

∂Xc

∂Xc

∂q

∂q

∂P
(41)

whereXc is a vector assembled by the positions of control points
and the end-effector, as defined in

Xc =
[
xc1

T xc2
T . . . xcnc

T xe
T
]T

. (42)

In (41), ∂Ut/∂Xc and ∂Xc/∂q can be obtained according to
(36), (38), and (16). Besides, the actuation Jacobian ∂q/∂P
can be derived by the equilibrium equation (17) with the result
written as

∂q

∂P
= −

(
∂Q

∂q

)−1
∂Q

∂P
. (43)

Under the conditions that the actuation pressures are close to the
given bounds with the strategy (40), the relevant elements of Ṗ
are adjusted to zeros. In addition, with the given output velocity

vd of the end-effector, the coefficient β can be set as

β = vd/

∥∥∥∥∂xe

∂q

∂q

∂P

∂Ut

∂P

∥∥∥∥ . (44)

In experiments, the parameters of this obstacle avoidance strat-
egy are given as: Q0 = 10 cm, αr = 0.02, ζ = 200, vd = 5
mm/s, and control frequency fc = 20 Hz.

By combining the obstacle perception capabilities provided
by the multimodal estimator with the above control strategy, the
soft robot is able to autonomously navigate toward a given target
while avoiding obstacles. Two cases are presented in Fig. 9(d),
illustrating the process of the robot contacting the obstacle,
avoiding it, and eventually reaching the target. A demonstration
video is also provided in Movie S3.

VI. ADAPTIVE ROBOTIC GRASP

Soft robots are particularly well-suited for robotic grasping
applications, especially when handling fragile objects. However,
planning and controlling the motions of soft grippers in the
presence of object uncertainties can be challenging, leading to
unreliable grasping outcomes. In this work, with the integration
of the proposed motion-force multimodal estimator, we develop
a model-based adaptive pinch grasp strategy for a kind of soft
robotic grippers.

Fig. 10(a) presents the design of the used two-finger soft
robotic gripper with major dimensions. Each finger of the gripper
owns two soft segments composed by two actuator elements and
a strain-limiting layer. Applying compressed air to the chamber
of either actuator element, bending deformation of the finger
segment can be produced. The fiber wound around the chamber
is used to avoid the shape change of the segment’s cross section.
Besides, the strain-limiting layer is used to prevent the segment
from elongation. The pneumatic actuation effect of such planar
soft mechanisms can be modeled as pairs of concentrated actu-
ation torques [49] acted on the two ends of each finger segment.

When the soft gripper makes contact with an object, the
proposed motion-force estimator can be used to determine the
contact point by the estimated distributions of contact forces, as
illustrated in Fig. 10(b). Besides, we develop and implement an
adaptive grasp strategy for the soft gripper that aims to adjust the
contact angle between the gripper surface and the object while
maximizing the output forces, thereby achieving high reliability
during the grasping process.

Considering the symmetry of the designed soft robotic grip-
per, here, we only discuss the control strategy of the left finger
to avoid redundancy. First, we need to establish the relationship
between actuation pressures P and poses of the robotic finger at
the contact point. According to (16), the shape of the element c
(where the contact occurs) can be written as

r(X) = S(X)qec (45)

where qec = Aeq is a subvector of q with Ae being a con-
stant matrix. Then, the position of the contact point xc can be
expressed by

pc = S (Xc)qec (46)
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Fig. 10. Verification of the adaptive grasp strategy based on the developed model-based control framework. (a) Design illustration and a picture of the soft gripper.
(b) Contact point between the soft gripper and the manipulated object is estimated according to the result of force estimation. (c) Objects with different sizes and
shapes are used for the verification of our developed method. (d) Processes of adaptive grasping through two specific cases. (e) Evolutions of the applied actuation
torque of the gripper in different phases: linear proximal segment actuation before the object is detected, adaptive pinch grasping, and state holding.

with Xc representing the arc coordinate of contact point in
element c. Besides, the axial direction vector η of the finger
at the contact point reads as

η =
∂r(X)

∂X
|X=Xc

=
∂S(X)

∂X
|X=Xc

qec. (47)

Denoting the vertical direction vector as η0 = [0 −1 0]T , the
angle θ between η0 and η can be calculated as

θ = arcsin (‖η × η0‖) . (48)

Assembling (46) and (48), the finger pose at the contact point
can be obtained as

xc (qec) =
[
pc

T θ
]T

. (49)

According to (17) and the result of (49), the Jacobian that maps
the actuation pressures to the finger pose xc given as

Jc =
∂ẋc

∂Ṗ
= − ∂xc

∂qec
Ae

(
∂Q

∂q

)−1
∂Q

∂P
. (50)

To achieve reliable pinch grasp, we should ensure the conver-
gence of contact angle θ to zero while enlarge the contact force
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TABLE I
SUCCESS RATES OF THE GRASPING TESTS WITH DIFFERENT CONTROL STRATEGIES (FIVE REPETITIONS FOR EACH OBJECT)

Fig. 11. (a) Parts of the comparative results of grasping tests with the developed adaptive grasping strategy and (b) an open-loop strategy based on proximal
segment actuation.

as possible. For this purpose, we apply the following control
strategy:

Ṗ = Jc
−1
[
u1

T −u2sign (θ)
]T

(51)

where u2 is a constant representing the angular velocity that
adjusting θ to zero. In addition, u1 = [u1 0 0]T drives pc

tending to the centerline of the gripper with the velocity of u1,
which contributes to larger contact force. When one or more
elements of P approach their upper limits, the control strategy
is switched to

Ṗ = Jc
−1
[
0 −u2sign (θ)

]T
. (52)

Implementing (52) until θ is near zero, then the actuation pres-
sures P will be hold on. Here, the values of u1, u2 and the
control frequency fc are set as 30 mm/s, π/24 rad/s, and 20 Hz,
respectively.

To validate our approach, we applied the grasp strategy to nine
objects with varying sizes and shapes, as shown in Fig. 10(c). As
two cases, photo sequences in Fig. 10(d) illustrate the successful
pinch grasp of a nut and a ruler by the gripper, indicating the
abilities of the developed strategy in controlling the finger poses
during contact, while Fig. 10(e) depicts the evolution of the

applied actuation torques throughout the grasping process. In
addition, our strategy achieves a 100% success rate (with five
repetitions) in all grasping tests for the nine objects. For bench-
marking, we included a well-studied open-loop pinch grasp
strategy based on proximal-segment actuation [53]. The actions
in this strategy are predetermined without the virtual payload
introduced in this work as the feedback. Comparative results of
the success rates summarized in Table I indicate the effectiveness
of our model-based control strategy, and a demonstration video
is provided in supplemental Movie S4. As seen in parts of
comparative pictures during the grasping tests (see Fig. 11), the
control strategy developed in this work can adjust the motions
of soft robots autonomously during contact, which enhances the
grasping performance.

VII. CONCLUSION AND DISCUSSION

In this study, we report a physics-based modeling and control
framework for soft robots operating in uncertain working con-
ditions, such as random payloads, unstructured environments,
and uncertain interacting objects. In this framework, utiliz-
ing a physical model where both the continuum motions and
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distributed forces are well parameterized, we construct both a
motion-force multimodal estimator and versatile model-based
control strategies. The developed estimator can be employed
to calculate the complete kinematic configuration of the soft
robot and external forces purely using sparse motion sensory
units. Experimental results demonstrate the real-time efficiency
of the estimator algorithm in updating the parameters of the
model-based controller, enabling precise control across arbitrary
payload conditions. Remarkably, with the introduction of virtual
payloads, our control strategy exhibits robustness even in the
presence of model inaccuracy. The average trajectory tracking
error is 0.2–0.3 mm with the used experimental setup.

The estimation of external forces empowers soft robots with
an understanding of their surrounding environment, including
uncertain obstacles and interacting objects, enabling them to
adapt accordingly. This versatility makes our control framework
suitable for various applications. For example, by leveraging the
obstacle positioning method based on the multimodal estima-
tor, we achieve automatic obstacle avoidance for soft manip-
ulators. In addition, we implement an adaptive grasp strategy
with contact estimation for a soft gripper, which exhibits sig-
nificantly improved reliability compared to existing methods.
These results highlight the enhanced robustness of the soft
robotic system enabled by our proposed estimation and control
strategies.

Despite the promising results achieved in this study, there
are still several aspects that can be further improved. First, the
reliance on an external camera system for the estimator may
pose limitations in confined spaces or certain application scenar-
ios. In the future work, the combination with other embedded
sensing techniques like inertial measurement units and strain
sensors could be explored as an alternative solution. Second, as
a first step to achieve precise control of soft robot undergoing
uncertain payloads and contacts, this study primarily focuses
on low-speed conditions. To enhance its applicability in wider
dynamic scenarios, we hope to generalize the control strategy
by extending the utilized quasi-static model to a dynamic one
and applying more advanced adaptation mechanism in the future
work. Third, the virtual payload induced by model inaccuracy
exhibits variations across the entire workspace of the robot. To
achieve more accurate estimation of the real external forces,
data-driven methods such as machine learning could be utilized
to extract the virtual payload from the overall estimated forces.
Finally, the maximum handling mass of the used gripper is
approximately 400 g, limiting its ability to pick up heavier
objects. Future work could integrate our proposed strategy with
soft grippers featuring variable-stiffness mechanisms [54], [55]
to enhance both force capacity and precision.
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