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Abstract— This work presents a soft robotic module that
can sense and control contact forces. The module is composed
of a foam spring encapsulated by a pneumatic bellow that
can be inflated to increase its stiffness. Optical sensors and
a light source are integrated inside the soft pneumatic module.
Changes in shape of the module lead to a variation in light re-
flectivity, which is captured by the optical sensors. These shape
measurements are combined with air pressure measurements
to predict the contact force through a machine learning model.
Using these predictions, a closed-loop control of the contact
force was implemented. The modules can be applied to realize
pressure distribution control in support devices such as seats
and mattresses. The presented method is robust and low-cost,
can measure both shape and contact force, and does not require
(rigid) sensors to be present at the movable contact interface
between the support device and the user.

I. INTRODUCTION

The inherent compliance of soft robots makes them suit-
able for direct contact interaction with users. One promising
application is to use soft robots as part of support devices
such as seats and mattresses. For these products, the pressure
distribution between the product and a user, resulting from
the stiffness distribution in the contact area, is important for
the experienced comfort. Especially regarding the seat pan,
which supports the majority of the body weight, there is a
correlation between pressure distribution and long term com-
fort (i.e., for 40 minutes of prolonged sitting or more) [1].
Research shows that the amount of pressure on an area of
the body determines the compression of soft tissues and it
should not be homogeneous for all body parts. Studies on
seat comfort defined the preferred pressure distribution in
different areas of a seat [1]–[3]. The biggest fraction of the
load (49-54%) should be located at the rear part of the seat
pan, around the ischial tuberosity. A lower load should be
distributed to the middle part (10-28%) and the least load to
the front part of the seat pan (6%), given the high sensitivity
of the legs at that location.

The ideal pressure distribution can hardly be achieved
by seats and mattresses with uniform stiffness. Therefore,
the stiffness distribution of support devices is sometimes
optimized using foam modules with different densities [4]
(Fig. 1(a)). However, the variation in anthropometrics and
weights demands for adaptability to accommodate various
users. Providing a comfortable seating for different users
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Fig. 1: (a) Inside of a seat with passive foam spring modules in dif-
ferent stiffness. (b) Working principle of the optical sensors used to
detect deformation of the soft module: the light intensity increases
when the module is compressed. (c) Free-body diagram of the
contact interface. (d) Illustration of the envisioned implementation
of the soft robotic module in a seat.

requires the seat to be able to dynamically adapt its stiff-
ness distribution for the individual needs. Furthermore, this
capability of adaptation would allow to support the need
of different pressure distributions for a user in different
postures, or, in case of car seats, to account for changes
in the vehicle acceleration [3].

In this paper we present the development of a soft robotic
module for the design of a programmable seat (Fig. 1(d)).
This module has integrated sensors to measure the interface
force (Fig. 1(b)), which serves for closed-loop control by
adjusting its own stiffness through pneumatic inflation to
reach a desired interface pressure. The module is composed
of a hollow foam cylinder for passive stiffness, an air
chamber that is pressurized to tune the contact force, and
pressure and optical sensors, calibrated to measure the con-
tact force. Combining multiple modules allows adaptations to
the pressure distribution for varying users and use scenarios.



A. Related work

1) Soft Sensing: The control of highly under-actuated
soft robots is challenging, especially when the system is
confronted with unknown external loading. In these cases,
the information about the actuation inputs is not sufficient
to determine the state of the robot, and thus sensors are
needed. Exterioceptive sensing methods such as cameras [5]
are unable to measure the current state of a soft robotic
seat while a person is sitting on it, as the sensors’ view
of the seat is obstructed. Proprioceptive sensing methods are
necessary to overcome this problem. However, no off-the-
shelf sensor is able to capture the high amount of Degrees
Of Freedom (DOF) in soft robots while being flexible enough
to accommodate their large deformations.

A modular soft surface making use of force sensitive
resistors is presented by Robertson et al. [6]. Nonetheless,
this sensor information cannot be used to predict the robot’s
shape. Moreover, the sensors are relatively expensive and
have to be integrated on top of a moving module. Alter-
native methods have focused on integrating proprioceptive
sensing capabilities to the soft material itself, such as capac-
itive sensing [7], piezoelectric sensing [8], sensing through
optical waveguides [9], [10] and resistive sensing using
liquid metal [11] or carbon nano-tubes [12]. A challenge
of integrating the sensors directly into the soft material
is the fabrication complexity and durability of such soft
robots. To overcome this problem, sensors that measure
changes in light resulting from changes in the actuator’s
shape are being used in soft robots [13], [14]. The soft
body now acts as a signal generator and optical sensors are
strategically placed inside the robots body to capture these
changes in color and/or reflectance. This sensing approach
has been applied in sensing of soft surfaces/skin [15]–
[18], fingertips [19], [20], soft bending actuators [13], [14]
and stuffed objects [21]. Cameras can be used as optical
sensors [16]–[20], but are expensive, too big to be integrated
in many soft robots, and require computationally expensive
data processing. A relatively low amount of small and low-
cost sensors such as photo-diodes [13], [14] and photo-
transistors [15], [21] have shown to be sufficient to predict
complex deformations, while being easy to integrate in soft
robots. The relation between the deformation and sensor
values can be modeled [17], [18], [20] or learned through
machine learning [14]. In this work, the measurements of
photo-transistors are used to give an indication of the shape
of the bellow. By combining these shape indicators with the
air pressure at which this shape is realized, the contact force
can be accurately learned through a machine learning model.

2) Control of soft actuators: Closed-loop control for soft
robots is challenging in general, even when the state of the
soft robot is accurately measured. This is due to the small
number of actuation inputs and the large amount of output
DOFs in soft robots. The relation between the actuation
inputs and deformation can be highly nonlinear [14]. It
may be unclear what actuation strategy should be applied
to achieve a desired state, and whether the desired state is

achievable under the current loading. We follow the idea to
reduce the complexity of this relation by limiting undesired
DOFs of the actuator [22] and by limiting the possible
load cases. For seats, the load is always applied on top
of the actuator. Using stiffening actuators, the force on top
of the actuator can be expected to increase monotonically
with an increase in actuation power, allowing the use of
PID control to close the control loop. Stiffening of soft
actuators can be achieved in multiple ways, such as particle
jamming [23]–[25], layer jamming [26], heating and cooling
of shape memory polymers [27], or antagonistically arranged
actuators [28]–[30]. An overview of stiffening in soft robotics
is given by Manti et al. [31]. Contact force can not only
be increased through an increment in stiffness, but also
in deflection. In this work, the contact force is controlled
by inflating a soft linear bellow. The unloaded length of
the actuator (i.e., without external load) is changing with a
variation in air pressure, influencing the deflection even when
the length of the loaded module is kept constant. Therefore,
this work refers to controlling the contact force, which can
be converted to contact pressure for any given module layout.

B. Overview & organization of the work

This paper describes the design, fabrication, and control
of a soft robotic module for achieving a prescribed contact
pressure in support devices such as seats and mattresses.
The module contains a hollow cylindrical foam structure
for passive stiffness, and additionally uses air pressure in
an embedded chamber to increase the module’s stiffness.
A light source and four photo-transistors are placed inside
the cylindrical foam, at the bottom of the module, which is
opposite to the contact interface. The measurements of the
optical sensors and the air pressure inside the chamber are
used to predict the force on top of the module using machine
learning. Note that air pressure alone is not sufficient to
predict the force on top of the bellow, as Fbellow and
Ffoam are unknown (see Fig. 1(c)). Therefore, additional
information about the shape of the actuator is needed to
accurately predict the load. The use of such optical sensing
method to measure the shape of an object has recently been
demonstrated by Scharff et al. [14]. As the same authors
suggest, this work confirms that accurate proprioception can
be achieved solely through changes in light reflectivity and
without the presence of a color signal. In this study, we
demonstrate that the shape indicators from the optical sensors
and the air pressure combined provide sufficient information
to accurately predict the load. Lastly, we further show that
the sensor information can be used in a closed-loop control
system towards an adaptive seat optimized for comfort.

The work is organized as follows: Section II explains the
working principle and the fabrication method of the variable-
stiffness soft module. The data collection is presented in Sec-
tion III-A, followed by the data processing and training of the
neural network (Sec. III-B). The results of the training and
application in a closed-loop control system are discussed in
Section IV. Lastly, limitations and future work are discussed
(Sec. V).



Fig. 2: Design of the soft robotic module. The module consists of
a foam cylinder encapsulated by a bellow. Four photo-transistors
and an LED are placed at the bottom of the module on the inside
of the foam module.

II. DESIGN

A. Overview

An illustration of the design of the soft robotic module
is shown in Fig. 2. This module is intended to be part of
a matrix that constitutes a seat pan (Fig. 1(d)). The goal
is to control the distribution of the contact pressure across
the seat surface by varying the stiffness or height of each
module as previously done by Robertson et al. [6]. A hollow
foam cylinder provides a passive stiffness to the module.
Four photo-transistors are concentrically placed at the bottom
of the module, on the inside of the hollow foam cylinder.
An LED is fixed in the centre. The light emitted is diffused
inside the hollow cylinder and reflected by its walls. When
the cylinder is compressed along the z-axis less light is
absorbed by the walls. The phototransistors output a voltage
drop across a series resistor in reaction to an increment of
light intensity (see bottom plot of Fig. 3). Non-axisymmetric
loadings result in an uneven change of light intensities across
the sensors.

The light measurements are combined with an air pressure
measurement to predict the contact force on top of the
module. The foam cylinder is encapsulated by a pneumatic
bellow. The top and bottom of the bellow are connected to the
foam. The more regular shape of the hollow foam cylinder
simplifies the relation between the shape of the actuator and
the optical measurements as compared to measuring light
reflection in a module without the hollow foam cylinder.
Hereby, the required number of training samples is reduced.
When the module is pressurized, it expands in the z-direction
(Fig. 1(b)). Obstructing this expansion creates a contact
force.

B. Materials and fabrication

A mounting plate for the sensors was 3D-printed on an
Ultimaker 3+ using Thermoplastic Polyurethane (TPU) with
shore value of 95A. The mounting board is equipped with
the following components:

• Monotonic unidirectional light source (LED) placed at
the centre of the mounting plate.

• Four photo-transistors in a square formation with equal
distance (15 mm) from the LED.

• A 6 mm PVC tube inserted through the bottom plate
for inflating the module.

The wiring was passed through the outlet tube. A differential
analog pressure sensor (MPXV5050G) connected to the tube
was used to measure the air pressure inside the module.
The cylindrical bellow structure (130 mm diameter) was
fabricated using Nylon fabric with a coating of TPU on one
side (170 den, 275 g/m

2, ExtremTextil R©). The fabrication
process of the bellows is described by Yang & Asbeck [32].
Rings of two different sizes were laser-cut from the fabric.
The overlapping rings were stacked, with the TPU surfaces
facing each other. The TPU surfaces were welded together
in a heat press machine at 200◦ C. The bottom of the bellow
was sealed to the 3D-printed TPU sensor mounting plate
using a heating iron. A 50 mm high Octaspring [4] hollow
foam cylinder was glued to the mounting plate. Octaspring
is a lightweight hollow foam cylinder with a structure that
gives it spring-like behavior. The cylinders are available
in different densities in order to create a specific stiffness
distribution in support devices (see Fig. 1(a)). The product
is commonly applied in (aircraft) seats and mattresses. After
inserting the Octaspring in the bellow, the module was sealed
by welding a 3D-printed TPU layer on top of it.

III. CALIBRATION

A. Data collection
The data acquisition process is illustrated in Fig. 3. The

module was mounted underneath a 500 N load cell on a
Zwick/Roell Z010 tensile testing machine. Steel L-shaped
profile plates were clamped inside the upper and lower grips,
to distribute the applied force equally across the module. All
data were collected at a fixed displacement rate of 1 mm/s.
Each experiment was initiated by inflating the module to a
fixed pressure. Two Arduino UNO boards were utilized. The
first board controlled the air pressure inside the module using
an air pressure sensor and a small air pump. The second
one stored the sensor values. The pump was shut off after
reaching the starting pressure, allowing the air pressure to
build up in the module when the load was being applied. The
peak force at which the experiment was shut off ranges from
7 to 140 N in increments of 7 N. This was done for an initial
air pressure ranging from 0 kPa to 3 kPa, with increments of
1 kPa. The maximum contact pressure on an automotive seat
pan should be 18 kPa [2], which corresponds to 140 N on a
module of 130x130 mm. The force data were collected using
TestXpert II software at a frequency of 500 Hz. The data from
the optical sensors and the air pressure sensor were collected
at a frequency of 26 Hz with an Arduino UNO controlled
from Matlab through serial communication. In order to align
the force data with data from the optical and pressure sensors,
an analog reference was created by applying a 20 N peak
load prior to each experiment. The light sensor signals show
a limited range of variation especially for tests with initial
air pressure larger than 0 kPa (see Fig. 3). This is because
at higher internal pressure the actuator compresses less.



Fig. 3: Top: Experiment setup. (a) Load cell of the tensile testing
machine. (b) Soft actuator. (c) Outlet tube. (d) Air pressure sensor
(e) Air pump. (f) Arduino boards. (g) L-shaped profile plates. (h)
Photo-transistors (inside the actuator, at the bottom). Bottom: Subset
of training data for 3 sets of 4 measurements each (after processing).

A total of 68075 samples was acquired. The sampling
distribution is shown in Fig. 4. It can be observed that for a
certain air pressure there can be multiple contact forces.

B. Data processing

This section discusses how the raw data were processed
in order to obtain the training data. First, the raw sensor data
and contact force data were aligned by matching the peak in
force and sensor values generated by the 20 N peak force that
initiated each of the experiments. Then, the high frequency
force data (500 Hz) were linearly interpolated at the sensor
data points (26 Hz). The first 30 samples of the aligned data
of each experiment were deleted to prevent inclusion of data
from the 20 N peak. As it took some time for the upper grip
to make contact with the actuator, a significant segment of
the remaining data collected consisted of no-contact samples.
Since inclusion of too many identical samples is not helpful
and might bias the learning process, a random 90% of the
no-contact samples were removed. The final dataset used for
training and testing the machine learning models consisted
of 42220 samples with the contact force ranging from 0 to

Fig. 4: Final sampling distribution. The 35.60% of the entire data
set consisted of no-contact data, acquired when the force gauge
was not in contact with the actuator. For the sensors calibration,
all contact samples and only 10% of the no-contact samples were
used.

Fig. 5: Diagram of the FNN. The five inputs of the neural network
are the measurements of the air pressure sensor and the four photo-
transistors. The output is the contact force.

140 N and the air pressure ranging from 0 to 3 kPa.
A multiple linear regression, a Feed-forward Neural Net-

work (FNN) and a Support Vector Regression (SVR) were
used to model the relationship between the sensor readings
and the contact force. A single two-layer FNN with 1 hidden
layer and 10 neurons was created (Fig. 5). The hidden layer
applies a sigmoid transfer function and the output layer
applies a linear transfer function. The Levenberg-Marquardt
backpropagation algorithm was used to train the network
with a total of 5 inputs (4 light values and 1 pressure value)
and 1 output (contact force value). For all regression models,
a randomly selected 85% of the samples was used for training
set and the remaining 15% was used for testing.

IV. RESULTS

A. Training

The best predictions were obtained using an FNN with
Mean Square Error (MSE) of 4.73 on the test set (see Fig.
6). The multiple linear regression has MSE of 18.12 and the
SVR of 23.18. It can be noticed that the accuracy of the
FNN predictions increases at larger external forces.

When plotting the targets against the predictions of the
SVR, several lines can be distinguished. Although the accu-
racy of these lines are off in terms of trueness, the precision
of the predictions within each line is higher than the precision
seen at the FNN. This suggests that there is an additional
parameter of influence that is not fed into the training model,



Fig. 6: Predicted contact force vs actual contact force from the
FNN regression model, with values expressed in N. The dashed
line represents the perfect regression line.

Fig. 7: Top left: Predictions of the SVR regression model. The
samples above the red threshold line are indicated in blue. Top right:
Zoomed-in view of the SVR. Bottom: Same subset of training data
as Fig. 3. The samples above the red threshold line are indicated
by blue dots.

as for example time-dependent material behavior in the
bellow and the foam. The distinguishable lines correspond
to the different set starting pressures in the experiments, as
shown for one of the lines (indicated in blue) in Fig. 7. Due
to nonlinearities, a nonlinear regression model will provide
a more accurate prediction.

B. Closed-loop control

The FNN model was evaluated by using it in a closed-
loop control system. The closed-loop control system was
implemented using a PID controller. The block diagram of
this system is shown in Fig. 8. An Arduino Uno was used
to read the values from the photo-transistors and pressure
sensor. The measured values were sent to a PC using
serial communication. Using Matlab, the sensors data were
converted by the trained FNN into a predicted contact force.

Fig. 8: Block diagram of controller system.

Fig. 9: Results from the control implementation.

This predicted contact force was used as the input for the
PID controller, which runs on the Arduino. The output of
the PID controller is a pulse-width modulated signal which
is used to power an air pump that inflates the bellow. The
sampling and actuation interval of the controller was 10 Hz.
To allow the system to correct both positive and negative
errors from the target contact force, a constant leaking of
the bellow was introduced using a valve. A force sensor was
placed at a distance of 15 mm above the uninflated module
to test the system. Target contact forces were set at 20, 30,
40, and 50 N. The target contact force was then compared
to that of the force sensor. The results are shown in Fig. 9.
The results are also shown in the supplementary video. It can
be seen that the contact force realized by the control system
fluctuates around the target force with a maximum error of
2 N. This is in good agreement with the earlier mentioned
MSE of 4.73.

V. CONCLUSIONS

This study demonstrates a soft robotic module that can
sense and control the contact force. The work shows that the
shape information provided by the optical sensors in addition
to a measurement of the air pressure inside the module
provides sufficient information for accurate force prediction.
The presented optical sensing method is interesting as it is
low-cost, avoids the need for sensors on top of the moving
modules, and can sense the contact force as well as the shape.

We envision the use of multiple collaborative modules to
realize pressure distribution control in support devices such
as seats and mattresses. Therefore, the speed and consistency
of the manufacturing process of the individual modules need
to be further improved. While the force sensing principle
has been validated on a linear actuator, it is expected to be
able to predict the loading perpendicular to the top surface
also when non-axisymmetric loads occur (e.g. shear loads



in support devices). These various loading conditions will
need to be included in the training data. Moreover, future
work will present a test setup to correct the over-inflation
mentioned in Sec. IV-B. For instance, a second pump could
be added to let the extra air out. An addition to the present
paper will focus on transferring the learned calibration model
of one module to another in order to reduce the time needed
for data collection.
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