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Abstract—Robots built from soft materials will inherently ap-
ply lower environmental forces than their rigid counterparts, and
therefore may be more suitable in sensitive settings with unintended
contact. However, these robots’ applied forces result from both
their design and their control system in closed-loop, and therefore,
ensuring bounds on these forces requires controller synthesis for
safety as well. This letter introduces the first feedback controller for
a soft manipulator that formally meets a safety specification with
respect to environmental contact. In our proof-of-concept setting,
the robot’s environment has known geometry and is deformable
with a known elastic modulus. Our approach maps a bound on
applied forces to a safe set of positions of the robot’s tip via predicted
deformations of the environment. Then, a quadratic program with
Control Barrier Functions in its constraints is used to supervise
a nominal feedback signal, verifiably maintaining the robot’s tip
within this safe set. Hardware experiments on a multi-segment
soft pneumatic robot demonstrate that the proposed framework
successfully maintains a positive safety margin. This framework
represents a fundamental shift in perspective on control and safety
for soft robots, implementing a formally verifiable logic specifica-
tion on their pose and contact forces.

Index Terms—Modeling, control, and learning for soft robots,
robot safety, motion control.
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I. INTRODUCTION

ROBOTS built from soft and deformable materials are often
claimed to be inherently ‘safe’ or ‘safer’ than their rigid

counterparts [1]. The soft robotics community justifies this claim
via the robots’ compliance to their environments, deforming
upon contact, which applies lower external forces from the
robot’s body [2]. This understanding aligns well with many
intended purposes of soft robots, such as medical operations [3]
or other intimate human-robot contact [4].

In contrast to this informal claim, the control systems com-
munity defines ‘safety’ as satisfaction of a logic specification
or constraint [5]. Given a range of acceptable values of some
states of a dynamical system, possibly varying or interleaved
over time, maintaining these conditions for all time is safety: the
set of states or signals is invariant under the dynamics [6]. This
invariance perspective (equivalently called reachability [7], [8]
or persistent feasibility) is a powerful tool that has revolutionized
legged robot locomotion [9], aerial vehicles [10], and rigid
human-robot interaction [11], [12].

Prior work attempting to merge these perspectives has shown
that soft robots do not inherently satisfy safety conditions. For
example, soft actuators can fail by exceeding their operational
limits [13], [14], and soft robots can collide with themselves [15].
Yet no work in soft robot control has proposed a generalizable
method for formal safety. Instead, controllers have focused
on stabilization around a desired force or impedance [16],
[17], prevention of mechanical failure [14], [18], actuator con-
straints [13], [19], [20], or stability and state tracking [21], [22],
[23], [24], [25], [26]. None of these meet safety constraints on the
robot’s state or environment: impedance control does not bound
forces, static input constraints do not enforce state constraints,
and stability is not a replacement for safety [9].

This manuscript addresses the gap by contributing a first-
of-its-kind approach for formal safety in soft robot control,
achieving provable set invariance of environmental forces ex-
erted by the robot’s end effector (Defn. 1 below). We adapt
the approach of control barrier functions (CBFs) [27]: dynamic
constraints on inputs, added to an optimization problem, which
ensure invariance of states. To map states to environmental
forces, we consider the proof-of-concept situation where the
robot exists in a deformable environment (Fig. 1), such as
when contacting tissue in a patient, and map deformations to
end-effector poses. We demonstrate that a standard formulation
of CBF-based control meets this constraint in both simulation
and hardware experiments (Fig. 2), and verify that our controller
maintains a positive safety margin on force when an open-loop
controller does not.

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
https://creativecommons.org/licenses/by/4.0/
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Fig. 1. This article proposes a feedback control method for a soft robot
manipulator (purple) to meet a formal safety specification on its environmental
contact forces. We assume the environment (black flexible plate) deforms and
is known, and so safe forces map to safe poses. Control barrier functions ensure
the robot remains within the set of safe poses.

A. Paper Contributions

This article contributes:
1) A method for mapping environmental forces to a soft

manipulator’s state space, with a one-to-one set inclusion
criterion between them,

2) An adaptation of CBF-based control to a soft robot in this
setting, with a proof-by-construction of invariance of the
robot’s applied forces,

3) A validation in both simulation and hardware, demonstrat-
ing a positive safety margin on a set of safe forces.

II. BACKGROUND AND MOTIVATION

Differences in terminology pervade the discussion of ‘safety’
across the technical disciplines in soft robotics. The design and
modeling communities have considered ‘safe’ motions to be
kinematically-feasible workspaces of a soft manipulator [29].
These ‘reachable’ kinematic workspaces are not formally safe,
since they are not maximum reachable sets of states under
the robot’s dynamics [7]. Other definitions correspond to fault
detection [18] or mechanical designs, none of which synthesize
control policies for motion.

For control systems, some authors have defined ‘safety’ as a
comparison of regions of attraction [19] or input-to-state stabil-
ity [30], which are not formal conditions as the system may still
violate a specification. Or, considering ‘safety’ as disturbance
rejection [31] may even be antithetical to softness, as this pre-
vents a soft robot from complying to its environment. Generally,
control of soft robots has yet to settle on a problem statement that
de-conflicts the inherent paradox between softness and tracking
performance [32].

This manuscript proposes a model-based control approach to
safety. Model-free control of soft robots may have good perfor-
mance on error tracking [23], [24], [33] but without the provable
properties of safety-critical control. Learned controllers notori-
ously suffer from unpredictable behaviors in situations outside
the training data [34].

We derive the proposed method for piecewise constant cur-
vature (PCC) [28] soft robot dynamics, and apply the method in
a proof-of-concept setting: a 2D planar robot, ensuring safety

of the end effector, in a known environment. We adopt this
baseline as is common in the development of new controllers
for soft robots, as 2D dynamics reduces issues from rotation
parameterizations [22], [35]. Prior work in force safety in rigid
robots has similarly considered the end effector first [11] before
extensions to whole-body safety in unknown environments [12].

III. FORCE SAFETY IN DEFORMABLE ENVIRONMENTS

To the authors’ knowledge, this is the first work that allows a
soft robot to contact its environment assuming there is some limit
of safe force application to that environment. We take inspiration
from prior work in rigid robotics [36] for our definition of force
safety, and prior work deformable surfaces [16] for our approach.

Definition 1: Force safety. Trajectories of a (soft) robot’s end
effector, r(t), are force-safe if the applied force at that end
effector F(t) remains within a set of acceptable forces Fsafe,
or equivalently, Fsafe is invariant under the system’s dynamics:
F(0) ∈ Fsafe ⇒ F(t) ∈ Fsafe ∀t.

A. Problem Setup

Force safety maps to a set constraint on the robot’s kinematics
under mild assumptions. As a proof-of-concept:

1) The set of manipulator tip positions r ∈ R2 with no en-
vironmental contact is represented by a polytope with
P -many facets, N = {r|Hr ≤ h}, with H ∈ RP×2,h ∈
RP having no redundant edges.

2) Each facet of the polytope, i.e. Li = {r|Hir = hi}, de-
forms (only) in the normal direction, n̂i ⊥ Li.

3) Surface(s) are deflected to the location of the tip r(t) in
space, L′

i = {r|H′
ir = h′i} where H′

i and h′i are such that
ni = nin̂i = ||r(t)− projLi

r(t)|| is the normal.
4) The force-deformation relationship isFi(ni) = ψi(ni)ni.

We only consider normal forces.
5) The scalar function ψi(·) : R �→ R is strictly monotonic

for ni > 0 and is ψ = 0 for n ≤ 0.
6) The maximum safe normal forces are known, so Fsafe =

{F | ||Fi|| ≤ Fmax
i ∀i} with F =

∑
i Fi.

Our calculations simplify assuming uniform properties of
each facet, chosen in this work for clarity of exposition:

7) ψi(·) = ψ(·), Fmax
i = Fmax, ∀i = 1. . .P

Fig. 3 is helpful in interpreting these geometric quantities.
These assumptions are not inherent limitations of the concept.

Relaxing (1)-(3) corresponds to finer discretizations of N . A
positive Poisson ratio and elastic modulus are sufficient for
assumptions (4)-(5). Assumption (6) has been demonstrated in
prior work on tissue mechanics [37].

B. Construction of a Safe Contact Set

We now calculate a task-space set that maps to Fsafe:

P = {r | ||Fi(r)|| ≤ Fmax, ∀i = 1 . . . P}, (1)

i.e., locations in space that the robot’s tip can enter while never
exerting greater than Fmax, so P = {r|F(r) ∈ Fsafe}.

To simplify calculations without loss of generality, we per-
form a preprocessing step. Assuming some original Ho and ho

are given for N ,

N =

(
diag

(
Ho

[
0

1

]))−1

, H = NHo, h = Nho, (2)
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Fig. 2. Our setup (A) maps a soft robot manipulator’s end effector force to its pose by assuming the environment deforms, so a maximum force corresponds to
a constraint on the robot’s states. Our approach (B) calculates this set as a polytope H′r ≤ h′ given an undeformed environment surface Hr = h and material
parameters Θ, where a supervisory controller CSV filters a nominal control signal to maintain the end effector r in the safe set. Our application (C) is a planar
two-segment pneumatic robot with antagonistic actuation chambers (pi, pi+1). Our model (D) is piecewise constant curvature [28].

Fig. 3. The deformable environment is represented by a no-contact (free
space) set, N . We assume each face deforms in its normal direction, n̂U or n̂L

depending on inequality, upon contact with the end effector. By calculating the
maximum deflectionn = nmax based on a force limit, we convertN intoP , the
end effector poses r(q) that apply less than maximum force. Our approach also
adds an additional hyperplane per vertex during the set expansion, between cii
to ci+1

i , to conservatively bound the environment’s force when two hyperplanes
are deflected.

∴ Hr = h ⇒

⎡
⎢⎣
−m1 1

...
mP −1

⎤
⎥⎦ r =

⎡
⎢⎣
h1
...
hP

⎤
⎥⎦ (3)

Readers can interpret this calculation as dividing each row by
the element in the second column of Ho, i.e., the facets are now
in slope-intercept form. The lower block of H corresponds to
constraints of the form Hir ≥ hi.

Converting the implicit set representation ofP into an explicit
representation is trivial given our assumptions.

Lemma 1: Force-Safe Kinematics Set. The set P in (1) is
equivalent to

P = {r|H′r ≤ h′} (4)

given parameters Θ = {ψ, Fmax}, where each H′
i, h

′
i represent

the L′
i with a deformation ni = nmax = ψ−1(Fmax) and:

H′
i = Hi, h′i = hi + nmax

√
m2 + 1. (5)

Proof: Consider row i so thatHi = [−mi 1] (or respectively,
mi, −1). A short calculation reveals two unit vectors normal to
the line Hih = hi,

n̂U
i =

1√
m2

i + 1

[−mi

1

]
, n̂L

i = −n̂U
i . (6)

Here, n̂U is in positive E2, as n̂U ·E2 > 0, and vice-versa.
Then consider ni = nin̂i. Since ψ > 0 is invertible per

(4)-(5), ψ(ni) ≤ Fmax ⇒ ni ≤ ψ−1(Fmax) per assumptions
(5)-(6). Setting nmax = ψ−1(Fmax), our safety inequality be-
comesni ≤ nmax ∀i, i.e.,nmax

i = nmaxn̂i. A point on the facet
Hir = hi translated bynmax

i , choosing (·)U or (·)L accordingly,
is r = s [1 mi]

� + [0 hi]
� + nmaxn̂i, where s is an arbitrary

parameter. With some arithmetic,

[−mi 1
]
r = hi + nmax

√
m2

i + 1 (7)

for both n̂U and n̂L. Observe h′i = hi + nmax
√
m2

i + 1 and
H′

i = Hi, so by construction:

H′
ir ≤ h′i ⇒ n(r)i ≤ nmax ⇒ ||Fi|| ≤ Fmax.

Apply (7) for all rows i to obtain the intersection H′r ≤ h′
where ||Fi|| ≤ Fmax ∀i, which is P in (4).

Remark 1: Lemma 1 is a mathematically formal way of
stating our intuition: “translate each line in N outwards by a
distance nmax to obtain P .”

C. A Correction At the Vertices

In some instances, the set P does contain regions where
||r− projN r|| > nmax: the tip is too far away from the no-
contact set. In particular, when projN r is one of the vertices
in N , multiple constraints are active (F = Fi + Fi+1) and
ni ≤ nmax ∀i is insufficient. We propose a conservative under-
approximation of the safe region that maintains convexity and
linearity of the calculation. Define the two vectors cii = ci + ni

and ci+1
i = ci + ni+1 per Fig. 3. Then, concatenate row P +

i+ 1 to {H′,h′} with m and h as the slope/intercept of the line
passing through these points, with a sign correction as needed
(n̂L = −n̂U ). Then nP+i+1 ≤ nmax, satisfying Lemma 1 by
eliminating the dashed regions in Fig. 3 from P .

IV. KINEMATICS AND DYNAMICS MODEL

For our proof-of-concept, we use the piecewise constant cur-
vature (PCC) kinematics of a soft robot manipulator with the
augmented body model of Della Santina et al. [28] to convert
our task-space force safety into state space, giving both r(q)with
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states q ∈ RN as well as ẋ = f(x,u). We briefly summarize,
deferring to prior work for details.

Here, the robot is represented with one subtended angle qi
per CC segment of length Li for i = 1 . . . N , see Fig. 2. PCC
kinematics admit a transformation matrixTi+1

i (q) from one CC
segment to the next, giving the end effector position as r(q) =
(
∑N−1

i=0 Ti+1
i (q))r0.

For the dynamics, the augmented body model represents one
CC segment as a series of z-many translation and rotation
joints, states ξi ∈ Rz . A user then selects a kinematic con-
straint mi(·) : R �→ Rz , where mi(qi) = ξi, aligning e.g. the
center of mass of the PCC segment. For this manuscript, we
choose Della Santina et al.’s RPPR augmented body, mi =[
qi
2 , Li

sin(qi)/2
qi

, Li
sin(qi)/2

qi
, qi2

]�
, with one mass between

the prismatic joints. Some applications of the chain rule on
the full N -segment state, ξ = m(q), give ξ̇ = Jm(q)q̇ and
ξ̈ = ˙Jm(q, q̇)q̇+ Jm(q)q̈. Inserting these Jacobians into the
manipulator equation for ξ̈, assuming some elastic damping and
spring forces at each joint, converts aNz-dimensional ODE into
our N -dimensional expression:

M(q)q̈+C(q, q̇)q̇+Dq̇+Kq = J�fext (8)

For the control input, past work [28] demonstrates an approxi-
mation of pneumatic actuation as external forces, J�fext = τ ,
viewed as virtual torques on the body. And as in past work [32],
[38], we calibrate these virtual torques using a least squares
fit to pneumatic pressures u ∈ RN . So, τ = Λu with Λ =
diag([λ1, . . . , λN ]) fit from data.

Minor rearranging gives the final equations of motion with
states x = [q� q̇�]� as ẋ = f(x) + g(x)u, with:

f =

[
q̇

M−1 (Cq̇+Dq̇+Kq)

]
, g =

[
0

M−1Λ

]
. (9)

These dynamics are control-affine, key to the method below.

V. CONTROL OF SOFT ROBOT MANIPULATOR FORCES USING

CONTROL BARRIER FUNCTIONS

We now synthesize a control system to render P invariant,
given the control-affine f(x) and g(x).

A. Control Barrier Functions for Force Safety

Many techniques can enforce invariance of a set in a control-
affine dynamical system, but the approach of control barrier
functions (CBFs) has the benefit of real-time feedback, possible
by formulating a quadratic program [9]. To apply CBFs to our
problem, we follow Rauscher et al. [11] in defining a set of
scalar constraints bi(·) : R2˜N �→ R, such that the set of safe
states C is defined as superlevel sets of these constraints, C =
{x | bi(x) > 0 ∀i}. For our problem statement, these are the
rows of the polytope P with the forward kinematics inserted,

bi(x) = h′i −H′
ir(q), i = 1 . . . P. (10)

Next, we must define a control barrier functionBi(x) per con-
straint, each of which must be the inverse of a class-κ function
and be such thatLgBi(x) �= 0, whereL is the Lie derivative. We
refer to prior work for more detailed justifications [11] (Defn.
3-4). Considering our soft robot manipulator with dynamics of
the form in (8)–(9), our constraint function bi(r(q))has a relative

degree two since b̈i depends on the system’s control input u.
Consequently, we adopt the barrier function from [11], [39],

Bi(x) = − ln

(
bi(x)

1 + bi(x)

)
+ aE

bE ḃi(x)
2

1 + bE ḃi(x)2
, (11)

where bi(x) and ḃi(x) are the constraint function and its deriva-
tive respectively while aE and bE are tuning constants. Prior
work has shown that (11) is a valid CBF for relative degree
two systems. We note that small values of aE , bE > 0 result in
more conservative behavior of the soft robot manipulator’s end
effector, while larger values allow for less restrictive motion near
the safety constraint.

Using this barrier function, we can write a constraint that, if
satisfied by a control input u, ensures that the system states x
remain within the C set (per [9], [11], [15], [27]),

LfBi(x) + LgBi(x)u− γi
Bi(x)

≤ 0 ∀i, (12)

where γi > 0 is an additional tuning constant that indicates
the rate of growth of the barrier function (higher γ is less
conservative). Using the f and g from the dynamics in (9), these
Lie derivatives become:

LfB = JBf = JBẋ, LgB = JBg =
∂B

∂q̇
M−1Λ (13)

where JB is the Jacobian of the barrier function (11), tak-
ing advantage of the robot’s kinematics as JB = [∂B/∂q�,
∂B/∂q̇�]�.

B. Feedback Controller With Control Barrier Functions

Our goal then becomes calculation of a feedback control
law u(x) that satisfies (12) while also attempting to perform
some nominal task. Here, we assume that there is an existing
(unsafe) nominal controller, unom(x), for example the com-
puted torque law from [28]. Following the literature [11], we
adopt a quadratic program (QP) that minimizes the squared
norm of the error between this nominal signal and the ap-
plied signal, ||u− unom||2 = u�u− 2u�unom + u�

nomunom.
Dropping the constant term and inserting (12) as a constraint,
our calculation becomes:

u∗(x) = argmin
u

u�u− 2u�unom

s. t. A(x)u ≤ b(x) (14)

where u is our decision variable since x is held constant at each
timestep, and

A(x) =

⎡
⎢⎣
Lg1B1 · · · LgNB1

...
...

Lg1BP · · · LgNBP

⎤
⎥⎦ , b(x) =

⎡
⎢⎣

γ1

B1
− LfB1

...
γP

BP
− LfBP

⎤
⎥⎦

(15)

This controller satisfies the following safety condition:
Theorem 1: Force Safety Under CBF-Based QP Feedback.

If a soft robot governed by PCC kinematics and the dynamics of
(8)–(9) starts at q(0) ∈ C defined by (10), applying the control
law u(x(t)) = u∗(x(t)) by solving (14) renders the set P from
(4) invariant, i.e., F(t) ∈ Fsafe ∀t > 0.

Proof: From Theorem 1 of Rauscher et al. [11], the con-
trol law of (14) and barrier function (11) will ensure that
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bi(x(t)) > 0 ∀t. We have defined C as this set, now invariant.
Correspondingly, x ∈ C ⇒ r ∈ P . By Lemma 1, r(t) ∈ P ∀t
meets Definition 1.

Remark 2: Readers are referred to prior work for details
such as Lipschitz continuitiy conditions, admissibility, set in-
tersections of multiple constraints, etc., as Theorem 1 does not
introduce any novel theoretical considerations.

VI. SIMULATION VALIDATION

Our approach was validated in a dynamics simulation of (8)–
(9). Results show that Theorem 1 holds.

A. Simulation Setup and Calibration

This manuscript considers soft robots which are control-affine
in their dynamics, for which pneumatics are the common realiza-
tion [28]. Consequently, the simulation from [38] was used for
this validation task, now calibrated against a physical prototype
of a two-segment planar soft robot actuated by antagonistic
pneumatic pressure inputs (Fig. 2). Each segment has length
0.122 m and mass 0.13 kg. Here, the robot is fully actuated,
by mapping negative control inputs to opposing pneumatic
chambers pj , pj+1. We calibrate the constants in theK,D andΛ
matrices of the dynamics model using a least squares fit of data
points obtained from the hardware prototype’s open-loop motion
using motor babbling, as suggested by [28]. The simulation uses
forward Euler numerical integration with Δt = 1e−5 sec, with
a control frequency of 1000 Hz.

B. Nominal Controller

As proof-of-concept, we employ an open-loop sequence of
sinusoids for unom(t), mimicking worst-case random motions
in a sensitive environment:unom,j = Aj sin(2πft). We tune the
amplitudes and frequencies to achieve desired coverage of the
task space, approximately ±25◦ bending angles, with Aj = 80
hPa (hecto-Pascal) and f = 0.01 Hz.

C. Safe Controller Tests

We implemented (14) in MATLAB’s quadprog. The envi-
ronment was taken as one constraint for clarity of exposition,
with H1 = [0.36, 1.0], h1 = 0.15, and Fmax = 0.16. The de-
formation was modeled as a linear spring, ψ(n) = kn, with a
spring constant of k = 11.16. These values correspond to visual
identification of the robot’s motion in hardware, contact with an
environment approximately halfway through its sinusoid, with
an anticipated maximum displacement of the environment of
nmax ≈ 1.5 cm.

We executed the controller with three sets of tuning con-
stants for the B1(x) CBF, shown in Table I, corresponding to
conservativeness (None, Low, High), chosen by hand. ‘None’
removes the constraint (u∗ = unom). For each simulation, we
postprocess to calculate the end effector position r = [rx, ry]

�,
as well as the simulated force and simulated safety margin. We
define the safety margin of the closed-loop trajectory in simu-
lation as a normalized distance to the boundary of our safe set
P , i.e., ρ(t) = (Fmax − F (t))/Fmax = (nmax − n(t))/nmax,
since the simulation has a one-to-one mapping between force
and displacement. A safety margin of ρ = 1 indicates that the
robot is not contacting the environment, and ρ < 0 indicates

Fig. 4. Simulation results with three levels of conservativeness of CBF tuning
constants all show that the robot’s end effector is prevented from moving out of
the unsafe set, when the unsafe unom control (black dashed line) would violate
safety.

Fig. 5. All simulations with CBF-based control show a positive safety margin
on force application. The most conservative CBF tuning (green) prevents all
environmental contact.

TABLE I
SIMULATION EXPERIMENT SAFETY MARGIN VS. TUNING OF CBF

constraint violation. To calculate F (t) and ρ(t), we calculate
n(r(t)) then invert the force-displacement relationship.

D. Simulation Results

Theorem 1 holds in all our nonzero-CBF simulations (Fig. 4),
as we observe ρ(t) > 0 in Fig. 5. Without our CBF controller
in the loop (‘None,’ black line), the robot violates the safe force
constraint, third panel of Fig. 4, and reaches a negative safety
margin ρmin of −2.808. As we introduce the CBF controller at a
low level, the safety margin increases and stays above the critical
threshold ρ = 0, see Table I. At a high level of conservativeness,
the safety margin remains constant at ρ = 1, indicating that
the robot avoids contact with the environment entirely. Using
MATLAB’s tic toc, the average solve time for u∗(x) in (14)
was 0.00031 s.
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Fig. 6. Test setup with soft robot limb for hardware validation of CBF-based
control framework. A camera placed above the limb captures states q via three
Apriltags placed per-segment. Control inputs from the CBF are fed into the low
level controller to increase/decrease the measured pressures (p1, p2, p3, p4) in
the limb’s chambers. The force plate was calibrated to match the position in
simulation and force measurements are used to demonstrate that force safety
was achieved.

VII. HARDWARE EXPERIMENT SETUP

We then tested the CBF-based controller in a hardware exper-
iment corresponding to the simulation. As with the simulation
validation, Theorem 1 held in all cases.

A. Hardware Platform

The soft limb was then used for a real-time control test (Fig. 6).
The limb was placed in the environment with fiducial markers
(AprilTags [40]) located at the start of the limb and at the end
of every segment, captured with an overhead camera, with the
bending angles q calculated from the tag locations. The average
frame rate of the AprilTag detector was 12.8 fps. The electronics
and software infrastructure were based on prior work [14], with
feedback at at 10 Hz. The chambers’ pressure was controlled by
a microcontroller with a low-level PID loop over a proportional
valve (iQ Volta), recorded by a pressure sensor (Honeywell
MPRLS). Lastly, a flexible sheet of ABS was attached to a
force gauge for use as the deformable surface. Its spring constant
was calibrated using masses placed at the tip under gravitational
loading, then was inserted into the test fixture aligned with the
robot’s tip.

To calibrate the location of the force plate that matched the
simulation setup, it was first approximately aligned in the plane
by measurements from the origin. Then, a constant input was
applied to the robot, u = uT , where uT was taken from the
simulation at the first point when the robot’s end effector exits
the no-contact setN . The force plate was then adjusted manually
while the robot was pressurized until the force readings became
(almost) zero.

VIII. HARDWARE EXPERIMENTAL RESULTS

We then repeated the same tests as in simulation. This setup
used a ROS2 MATLAB node to receive bending angles from
OpenCV and send the outputs of quadprog to the microcon-
troller. Five trials per conservativeness level were performed,
with means and standard deviations (±2σ) plotted in Figs. 7
and 8.

Results were remarkably consistent across trials with low
variance, and all trials with an active CBF maintained a positive
safety margin (Table II, Figs. 7, 8). As expected, decreasing

Fig. 7. Hardware experiment end-effector position rx and ry in meters, force
F in Newtons, and controller inputs u1 and u2 in hPa for three levels of
conservativeness in the CBFs: None, Low, High. Including the CBF ensures
the limb never exceeds Fmax.

Fig. 8. Safety margin ρ(t) for the hardware experiments. The red dashed line
is the minimum ρ value for force safety, satisfied for all nonzero CBFs.

TABLE II
HARDWARE EXPERIMENT SAFETY MARGIN VS. TUNING OF CBF

conservativeness leads to a smaller worst-case safety margin
ρmin, as the robot’s tip is allowed closer to the unsafe set
boundary. The ‘High’ conservative tuning makes contact with
the flexible force plate, but maintains a force below the limit. The
‘Low’ conservative tuning maintains a positive safety margin
but makes contact with a slightly larger force. Without the CBF
(‘None’), the force constraint is violated. The control input traces
(Fig. 7) show that the CBF controller reshapes the nominal
pressure waveforms primarily during the critical contact period
(approximately 15 to 55 sec), preserving the shape of the input
elsewhere, as seen in simulation. The three test cases in our
simulation and hardware tests (different tunings of the CBF)
represent a qualitative evaluation of the robustness of our ap-
proach in our known environment: the tuning does not affect the
validity of our safety proof.

A. Visualizations

To provide a clear visual comparison of the simulation results,
Fig. 9 overlays the simulation’s output at three key points versus
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Fig. 9. Comparison of the simulation’s kinematics versus hardware at three
key points during a corresponding test demonstrates alignment.

the hardware test. The kinematics align well qualitatively, indi-
cating a good calibration of our PCC model. The magnitude of
the deformation of the flexible force plate is also visible.

IX. DISCUSSION

Results in both simulation and hardware experiments confirm
that our proposed safety-critical control approach successfully
satisfies an invariance condition on the force applied by a pneu-
matic soft robot’s tip. At all levels of tuning the controller’s
constants for conservativeness, the trends in minimum safety
margin ρmin, tip position rx, ry , force profiles F (t), force plate
deflection n and control inputs u1, u2 remain consistent across
both simulation and hardware.

A. Sources of Error

Although our results are consistent in terms of safety margin,
multiple sources of error exist that cause the trajectories between
simulation vs. hardware to be qualitatively different (compare
Fig. 4 vs. Fig. 7). Our setup’s assumptions include the PCC dy-
namics and no gravity, but also a high bandwidth pressure input
(whereas our hardware has a finite response time), fast sensing of
positions and velocities (whereas our computer vision has a slow
frame rate and a finite difference for q̇), normal displacement of
the environment (whereas the hardware has some small amount
of 3D motion), environmental properties (linear stiffness) and
all other typical hardware difficulties (camera distortion, un-
modeled disturbances, etc). Future work using higher-frequency
motion capture could analyze practical limitations of our safety
proof.

The hardware unsafe motion shows a blocking behavior
when the robot is pushed up against the flexible force plate,
whereas the simulation has free motion. This behavior arises
from our dynamics model: for this work, we do not model the
dynamics of the environment on the robot’s tip, and rely on
the assumption that the environment is more compliant than
the robot in low-force regimes. The hardware test shows the
assumption was a realistic approximation for safe regions with
low contact. More aggressive motions could be modeled by
including the environmental forces per past methods in PCC
soft dynamics [28], though a hybrid system may arise.

B. Theoretical Implications and Limitations

The controller in this manuscript enforces safety for the
end effector frame of a soft manipulator, but does not address

whole-body safety: it is possible that other points along the
robot could exit P . Our analysis isolates the core theoretical
advance, and aligns with prevailing approaches in task-space
control which typically prioritize end-effector interaction as
the primary site of environmental contact. Prior work in rigid
robots addresses whole-body contact by adding CBFs at other
relevant frames along the robot’s kinematics [12], which could
be adopted for our setting without theoretical changes. We note
that preliminary untested results in soft robotics have considered
a similar concept [41].

This manuscript formulates, simulates, and tests our method
for a pneumatic 2D soft robot only. However, the PCC dynamics
model [28] and formulation of a similar controller on a rigid
robot [11] have both been demonstrated in 3D environments, so
we hypothesize that 3D motions are primarily a technical rather
than theoretical challenge for future work. Prior results in self-
collision for soft robots have shown validity of the 3D dynamics
with CBF constraints [15]. Similarly, other soft robot dynamics
which are control-affine may also work with our method, such as
cable-driven robots [42], though more theoretical investigation
is needed for slackness and hysteresis.

X. CONCLUSION AND FUTURE WORK

This work represents, to the authors’ knowledge, the first
formal closed-loop safety-verified controller for a soft robot ma-
nipulator’s environmental interactions. The work here suggests
an entirely different perspective on control of soft robots, one
which simultaneously avoids the paradoxical issues of precision
and tracking control in a soft system, while also giving an engi-
neering analysis to claims of ‘safety’ in soft robotics. Extending
and applying this concept may provide the intelligence needed
to bring soft manipulation into the real-world environments.

The basic control barrier function in this manuscript has limi-
tations on the speed of motion in the robot as well as applicability
to more complex scenarios [43]. Future work could implement
higher-performance barrier function candidates such as High
Order CBFs [15], [41], and compare against this manuscript’s
method as a baseline.

This manuscript’s assumptions about the environment sur-
rounding the soft robot are simplified to thoroughly evaluate the
implications of the control scheme. However, realistic scenarios
in human-robot contact involve dynamic environments [12] that
change over time and are often unknown a-priori [44], as well as
non-uninform environments. Time-varying environments can be
readily addressed by using time-varying CBFs for time-varying
safety constraints [11]. Alternatively, adaptive parameter es-
timation could be used in fully unknown environments [45].
Similarly, the no-contact set N could be made to arbitrary
geometries by cell decomposition [46], and calculation of the
safe set P from N could then incorporate localized elasticities
or tangential deformation. None of these would modify the
structure of the controller nor the assumptions about the robot.

Finally, extensions could include formal studies of robustness
(e.g., with respect to uncertainty in model or environment) to
quantify the relationship between tuning of the CBF and the
validity of a safety proof. We note that prior work in CBFs
for rigid robots has shown robustness in these settings [44].
Similarly, future work using other safety methods such as reach-
ability [7] could compare performance against the first-of-its-
kind, proof-of-concept contributed here.
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