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Abstract—A soft robotic surface manipulator is a device
equipped with a computer-controlled, deformable surface. By
moving the surface, objects placed on the robot can be trans-
ported, rotated, or otherwise brought into a desired configuration.
A probabilistic automaton can use camera feedback to measure
and control the movement of the work pieces, and find the
optimal sequence of actions to reach a desired state. The
probabilistic nature of the method solves most problems resulting
from noise and impulsive disturbances. In some cases, however,
there are systematical disturbances that are out of the scope of
a probabilistic method. In a soft robotic surface manipulator,
this can lead to objects becoming pinned against an obstacle or
performing repetitive sequences of actions. This paper describes a
method to escape from these situations. The method is supported
by simulations based on the measured properties of an existing
soft table. This is the first publication dedicated to this problem
in soft robotic, task-level control.

Index Terms—Soft robotics, mechatronics, planning, control,
probabilistic automaton, machine vision

I. INTRODUCTION

Soft robotics is a new research direction dealing with
robots made out of soft materials. Many research questions
concerning the mechatronic design, fabrication, and operation
are still unanswered. In this paper, we analyse how a soft
robot can be controlled using feedback from machine vision.
In particular, we are interested in how the vision feedback can
be used to navigate the state space of a soft robotic surface
manipulator (Fig. 1) for task-level control. It turns out that the
sensor limitations and uncertainties of a physical setup can
lead to oscillatory behaviour that prevents convergence to a
desired state. We present the first algorithm in soft robotics to
tackle this problem.

II. RELATED WORKS

From the perspective of task-level control, the existing
approaches can be classified into (1) the detailed modelling
of one or more actuators, (2) the generation of complex
but repetitive movements, and (3) the control of the robot
behaviour to solve a task.

Geometrical and dynamical models have been developed
for elongated structures (robotic tentacles, arms, beams) and
2D surfaces. The aim is to estimate the shape for a set of
control signals or, inversely, to find the control signals to
create a certain robot shape. The predominant approach is
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(b) Surface manipulator in action

(a) Camera setup

Fig. 1. Soft robotic surface manipulator: The robot consists of a 4 X 4 array
of pneumatic actuators. Each actuator possesses a soft surface (white) that can
shift an object in four directions. A top-mounted camera tracks the work piece
(a red circuit board). The image on the left shows checkerboard markers that
were used in initial experiments. By now, the tracking works feature based
without additional markers. The actuators work by producing a ‘bump’ on
the surface that lifts the object. By exploiting the interaction between four air
chambers embedded in each actuator, the top of the bump can be shifted in
parallel to the ground. For this study, we measured the stochastical properties
of the robot and modelled it by a probabilistic automaton. The automaton is
used for path planning in our simulations.

to discretise the structure into small segments, which in turn
can be modelled by approaches known from rigid robotics.
A deformable 2D surface can be modelled by concatenating
sphere segments [1] or sampling the height over ground along
a grid [2]. For elongated structures, a backbone curve can
be modelled [3]. The discretisation of elongated structures
allows to formulate a kinematic chain to predict the robot
shape [4], [5]. Mechanical models have been introduced to
describe robot deformations that cannot be represented by
a piece-wise constant curvature model [6]. It is possible to
optimise the shape of a robot without a model just from sensor
measurements of its shape. Because of the high number of
measurements it is not suitable for real-time [2].

A big advantage of soft robots is, however, that for many
applications it is not required to explicitly compute a detailed
robot shape. Instead, the soft material allows for a natural
adaptation of the robot to the shape of the surroundings. This
can be used to create very simple control algorithms to gener-



ate robot movements that are useful at application level. A soft
gripper, for example, can lift a delicate object without detailed
knowledge of its geometry [7]. Crawling [8], [9], walking [10],
[11], and swallowing movements [12] have been demonstrated
using fixed sequences of control signals in an open-loop
manner. The basic movement types of soft robots can be
categorised [13] into elongation/shortening, bending, flowing,
transformation/reconfiguration. These basic movements can be
combined to create higher abilities. Partially based on a review
by Laschi [14], we can abstract the following application-level
abilities: locomotion (walking, crawling, swimming, jumping,
climbing), grasping, arm movement, shape transforms (grow-
ing/shrinking, elongation/shortening, reconfiguration), and ob-
ject manipulation (repositioning/reorientation [1], swallowing,
digestion [15], [16]).

For task-level control, the behaviour of the robot must
be aimed at the achievement of a task. This requires the
sensing of the state of the robot and its environment [17].
By discretising the state space, it is possible to formulate
the robot behaviour as a sequence of probabilistic state tran-
sitions triggered by realising selected soft robotic abilities.
This allows to use a probabilistic automaton [18], [19] and
reinforcement learning [20] to calculate the robot behaviour
in a data-driven manner. The data-driven approach allows for
the effective use of the existing soft robotic abilities without
requiring a complex mechanical (and computational) model.
Probabilistic state transition account for noise and variations
in the behaviour. However, there can be systematic errors that
are out of the scope of a probabilistic method and that have
not been considered in soft robotics, yet. They are the topic
of the present article.

III. PROBLEM STATEMENT

Let S C N be the set of states of the robot (including
relevant environmental properties, e.g.the state of a work
piece), "s € S be the state at discrete time n, A be the
set of actions that the robot can perform (according to its
abilities), and a € A be a single action. We then characterise
the behaviour of the robot by the probabilistic state transitions
§:85xAx S~ [01], where

d(sk,a,s5) = p(sj|sk,a). (D

The relation § describes the development of the system state
over time by giving the probability that state s = s; at time
n changes into a successor state "*'s = s;. Let I be a set of
final states that model the successful completion of a certain
task.

The probability of reaching any f € F by performing a
single action a is given directly by ¢. For a sequence of actions,
one action can be selected at a time, whereas future actions
need to be selected based on how the system state really
develops. The probability of reaching any f in maximally L
steps is given by

ﬁL(aa S) = _ezsp(g‘&a) gleaffﬁLfl(dvEL 1<L. (2)

To select a, we consider the expected number of actions

L
c(s,a) =Y L(p(a,s) — pri(a,s)), 1 < L. 3)
=1

that the robot will need to perform until it reaches a final state.
Given 6, the best action

Qopt = arg min c(s, a) 4)
acA
can be computed offline for every state of the robot and stored
in a look-up-table. Figure 2a shows an example.

During the control of the robot, we measure the current state
"s. We then perform the action recommended by our look-up-
table. The process repeats until the robot is in a desired final
state (cf. Fig.2b).

In the case of a stochastic, transient disturbance, the real
successor state can be different from the expected successor
state. This is not a problem, because the look-up-table will
indicate the best action for any new state. Random delays
have already been considered in the computation of the best
actions.

However, in a real application there can be systematic,
persisting errors that are out of the scope of the probabilistic
planning algorithm. Let %,!s, ... "s be the sequence of states
visited up to the current state s = s time m. Suppose,
a systematic error brings the robot into the successor state
ntlg = Mg where 0 < m < n. Since the table of best
actions remain unchanged, it is a likely scenario that the robot
applies the same sequence of actions (with minor probabilistic
variations) until it reaches s, again. If the systematic error
persists, then the robot is set back to ™s. This results in
oscillatory movements preventing the robot from completing
its task.

This can for example happen if the soft robot handles an
object, but the object becomes entangled in an obstacle. If the
exact nature of the entanglement is either not detected or not
modelled in the state space, then the robot might keep up the
entanglement. Figures 2c¢ and 2d show examples.

This paper proposes a method to recognise this situation
and navigate the state space in a way to avoid the systematic
error.

IV. PROPOSED METHOD

First, we note that entangled objects are difficult to recog-
nise by sensor readings alone. Not every collision causes
entanglement. It is therefore not straightforward to avoid
the problem by designing a more informative state model.
Oscillations can also be caused if two different situations
(e.g. free object + collision) are inaccurately assigned to a joint
state. There are, however, no theoretical guidelines to quantise
the state space in a way that avoids the problem. A finer
quantisation reduces the frequency of the seeing oscillations,
but the cause of the problem remains.

Instead of trying to solve the problem from within the
framework, we move to another level of abstraction and
monitor the history of state transitions while the robot is
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Fig. 2. Demonstration of oscillatory behaviour in the control of a soft surface manipulator: The goal of this simulation is to bring the rectangular work piece
into a horizontal position in the lower left. The simulation is modelled after the robotic setup shown in Fig. 1. The details of the simulation are described in
Sec. V. An additional obstacle on the middle left is modelled to make the scenario more challenging. a) The state space consists of the position (x and y)
and orientation 6 of the work piece. It is discretised along a regular grid. For every state, the optimal action is computed. b) Usually, the work piece can
be moved into the desired state without problems. Stochastical deviations are tolerated and considered in the planning of the best actions. Here, the robot
performs 6 actions before reaching the final state. Only one state is reached twice, the other states only once. ¢,d) The interaction with the obstacle resets the
work piece to an earlier state, thereby causing repetitive movements. Here, the simulation is stopped after performing 80 actions without reaching the final
state. In example (c), the most frequently visited states were reached 34 and 17 times respectively. In example (d), the most frequently visited states were
reached 31 and 12 times respectively.



operating. The basic idea is to maintain a histogram of visited
states. If a state is visited too many times, then the robot
performs a random walk until it escapes the systematical
disturbance. The exact procedure is as follows:

1) Let h[s] denote how many times state s has been visited.
Initially, h[s] = O for all s € S. Let e € {true, false}
indicate if there are oscillations. Initially, e := false.
Let ;04 and ¢4, be two thresholds with 15, < thigh.

2) At current time n, the state "s is measured.

3) if "s € F, then the algorithm stops (sucessfully).

4) if not e, then the histogram is updated as h["s] := h["s|+
1 and we check if oscillatory movement has started by
setting e := true if h["s] > thigh.

5) if e, then we check if the robot escaped the disturbance,
i.e.if h["s| < tjow, then we set e := false and reset the
histogram to h[s] =0 for all s € S.

6) Read a := a,p: from the lookup table.

7) if e then a is selected as a random action from A\{aep: }-

8) The robot performs action a. This increments the time
n :=n+ 1 and we continue at step 2.

Because of noise, not all states of an oscillatory movement are
visited the same number of times. We model this by using the
two thresholds ?;,,, and ty;45,. The thresholds depend on the
application.

Performing a random action might seem simple. Also, not
selecting a,,; could indicate that maybe performing the single
worst action (instead of the best) might be a good strategy.
However, disturbances are likely to occur in confined areas of
the state space, e.g. where the movement of the robot or the
work piece is restricted. By adopting a deterministic strategy
like ‘always perform the worst action’, there is a chance of
bringing the robot repeatedly into another difficult area of the
state space. The random strategy leaves more options.

V. SETUP OF THE EXPERIMENTS AND SIMULATIONS

We validated the proposed method by the scenario shown
in Fig. 1. An existing soft surface manipulator [1] is used to
translate (4 directions) and rotate (2 directions) the circuit
board shown in Fig.1b. The position z, y and angle 6 of
the board is recorded by a top mounted camera. The intrinsic
parameters were calibrated using a checkerboard pattern, so
the position of the board can be obtained in world coordinates.

To create the set S of states, we discretised a workspace
area of 172mm x 172mm into 15 steps in = and y direction.
The workspace area is compatible with an array of 4 x 4 or
5 x b physical actuators. The orientation was discretised into
8 steps. A rigid border and an additional obstacle reaching
into the workspace area from the left side was modelled in
software. This creates confined spaces on the surface, where
oscillatory behaviour can be demonstrated. An analysis of the
theoretically possible 1800 states showed that only 472 states
were physically reachable (no intersection of solid bodies).

A set of six actions A was modelled after the real behaviour
of the robot. The actions were to move north/east/south/west
over 7 cycles of pressurisation [1] and turn left/right over 15
cycles. To define the actions, we recorded 111 video sequences

of the moving, unobstructed work piece. The positions before
and after performing an action were measured, resulting in
covariance matrices of z, y and 6 for each action. The
covariance matrices were based on 35 to 72 observations per
action. On average, 1 action moves the workpiece by about
lem and 8 actions perform a full rotation.

To model the state transitions, we sampled initial states
along a fine grid through the reachable area of the state space.
The successor state was then sampled from the measured
covariance matrices representing the robot behaviour. These,
however, are only valid in unobstructed areas of the robot.
Therefore, we simulated a path between the initial and succes-
sor position to check for collisions between the work piece and
obstacles. In the case of collisions, an alternative trajectory was
computed using a simple physical model. The model assumes
rotation and deflection around a point of contact. To simplify
the simulation, mechanical forces were not considered here.
We evaluated about 2 - 109 state transitions, which could be
accomplished in 2:48h CPU time on and Intel quad-core CPU
with 3.2 GHz. Only a very small number of states was not
sufficiently covered by the sampling and had to be removed
from the simulation.

Trajectories of entangled objects were not considered in
the computation of the state transition probabilities. Since
oscillatory movements correspond to an infinite path length,
they would not contribute meaningfully to the probabilistic
approach. Instead, a fixed penalty for a manual intervention
could be assumed. But since such a penalty would be applica-
tion dependent and examples of entangled objects are difficult
to generate (and application dependent as well), this has not
been done here.

We were then able to define initial and final states and
plan the best actions for every current state. The planning for
path lengths of maximally 25 steps took about 2s CPU time.
Since both the sampling of the state transition probabilities
and the planning of the best actions are offline steps, the
CPU time is uncritical. Because of the design of the table and
control task, the best actions and expected successor states
form a beautiful minimum spanning tree (cf. Fig.2a), and the
probability of reaching a final state was almost 100 percent
for every valid state. This, however, is not generally given,
as the trivial (but practically not very relevant) example of an
intentionally impossible task shows.

By using the designed states, actions, state transition prob-
abilities, and planning results, we were able to simulate
the behaviour of the robot and run the algorithm given in
Sec.1V. The thresholds #;,,, = 3 and ¢4, = 4 were chosen
experimentally.

VI. RESULTS

Examples of oscillatory movements are shown in Fig.2.
The workpiece is moved against the obstacle and deflected.
This changes the state back to a previously visited state. The
tabulated best actions indicate moving the work piece in the
direction of the problem. As Fig.4 shows, most oscillations
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Fig.2. Also, the initial state of the examples (c) and (d) is the same as in Figs. 2c and 2d. In all examples, the oscillatory movements have been detected and
stopped successfully. The final state is reached after performing a finite number of actions.

: MHT.. ...,

State State
(@ (b)

Fig. 4. Histogram of visited states for the entangled workpiece shown in
Fig.2. a) The trajectory shown in Fig.2c covers 9 different states. Since the
situation corresponds to an infinite loop, only the relative frequencies are
important. Most loops extend over 1-3 states, only. b) The trajectory shown
in Fig.2c covers 11 different states.

15

10 10

5 5

: hhrnn . hﬂmmm

State State

o HHTT‘TTHH?

State

State

(@) (b) © (d

Fig. 5. Histogram of visited states for the proposed method. The diagrams
correspond to the trajectories seen in Fig. 3a—d.

cover varying, short sequences of states with one state being
part of most iterations.

Figure 3 shows the result of using the proposed method.
In all tested cases, the oscillations could be broken. But as
Fig.5 shows, some states are still heavily visited. One reason
is that the proposed method requires a certain state to be
visited a number of times (given by threshold #5,45,) before it
reacts. The threshold cannot be set too low, because otherwise
naturally re-visited states would trigger a random walk. In
the examples, the method resolves all detected oscillations
within 1-3 state transitions. Since the disturbance persists and
the work piece is still close to it, there is a chance that the
random walk does not reach the other side of the disturbance.

In that case, multiple attempts to escape the disturbance are
required. In the examples shown in the Figs. 3a—d, the numbers
of attempts were 4, 5, 2, 2, respectively.

VII. SUMMARY

The task level control of soft robots has not been researched
much, yet. In the recent years, many new soft actuators have
been developed and used to realise powerful soft robotic abil-
ities. But to accomplish task-level control, it is also necessary
to monitor the state of the robot and environment in order to
plan and recognise the successful completion of a task. This
article contributes valuable experience to this area.

For the example of soft robotic surface manipulation, we
developed a closed-loop control system at task-level. While
the control itself was conducted in simulation, the system is
modelled after the properties of a physical prototype.

Our results show that the navigation of the state space is
subject to surprising effects that are beyond the control of
single actuators or the open-loop control of repetitive locomo-
tion behaviours. While it is trivial that physically unreachable
states must be avoided in a software model, they can also be
related to disturbances at task-level. The simple transportation
of a work piece in a static environment can show oscillations
if there are noise and uncertainties.

In this article, we presented an algorithm that frees an
entangled workpiece and breaks oscillatory movements. The
way out of an entanglement might not always be simple. But
the algorithm tries multiple times in a randomised manner until
a desired final state is reached.
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