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Pressure Sensitive SKkin for Prosthetic Hands: 2D Contact Location
Determination Using Output Connections from a Single Side

L. Jabban, B. Metcalfe, D. Zhang and P. Iravani

Abstract— The human hand is a vital component of our
interaction with the environment, containing a large number of
sensory receptors. The loss of a hand is, therefore, a serious and
debilitating injury. Surveys have shown that 98% of users of
upper limb prostheses desire to feel the level of force they apply
through their prosthetic hands. Developments in tactile sensors
have yielded many functional electronic skins. However, their
complexity remains a barrier to their use in commercial
prosthetic hands. This paper introduces a new design of a simple,
flexible pressure sensor using carbon fibre tows as both the sensor
and the electrodes. The design results in a dynamic pressure
range of 0.35 to 280 kPa in a 25-by-25 mm prototype.

I. INTRODUCTION

The hand is a vital part of everyday interaction with the
environment and, therefore, upper-limb amputations result in
a drastic impact on the quality of life. It is estimated that there
are 3 million people worldwide with upper limb
amputations [1]. This has driven the development of prosthetic
hands from simple hooks to the more complex biomimetic
hands currently available commercially. The mixed uptake of
the available prostheses has led to several surveys targeted at
understanding the complex needs of upper limb amputees. The
results of those studies show that 98% of the users desire to
feel the level of force applied by the prosthesis [2].

Providing such sensory feedback starts with suitable
sensors that can be integrated into the prosthetic hand. Unlike
the rest of the senses, the sense of touch is not formed of
localised sensors. On the contrary, it is composed of a high
number of sensors spread over a large area. This introduces a
challenge in collecting and processing the data from the
different sensors spread across the skin [3].

Direct addressing, where separate connections are assigned
for each sensor, is the simplest integration method and requires
2X M X N connections for an M by N matrix of sensors.
Using a passive matrix of electrodes is common in electronic
skin applications and reduces the number of connections
required to M+N [4]. Active matrix arrangement uses
transistors to address each sensor individually [3]. An
alternative to the complex integration methods described is to
use computational methods such as artificial neural networks
and tomography. Sohn, K. et al. used a deep learning neural
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network to obtain a spatial resolution of 4 mm from a simple
sheet of Polydimethylsiloxane (PDMS) with homogeneously
dispersed carbon nanotubes using fewer than M+N
connections. However, their design requires connections on
all four sides of the sensor [5].

A new design of a flexible pressure sensor is introduced in
this paper, where carbon fibre tows are used as both the
sensing device and electrodes. The sensor’s flexibility allows
it to be integrated into a prosthetic hand. The design is driven
by the anisotropic resistivity and piezoresistive nature of a
carbon fibre tow, which enables the detection of location of the
applied pressure using M+ connections on one side of the
sensor. The key advantage of this design is the low
manufacturing cost and reduced number of output
connections. This is particularly useful for the application of
prosthetic hands as it enables easier integration of the sensors
on the finger. Furthermore, the placement of tactile sensors on
a glove, rather than the robotic arm, is preferred to reduce the
viscoelastic delay caused by the glove. Given that prostheses
users tend to replace the glove every 2 years [6], using simple
fabrication techniques allows for cheaper gloves to be made
for frequent replacement, while allowing the processing unit
to be reused.

II. METHODS

A. Sensor Design

Carbon fibre (CF) composites have been used extensively
in a range of applications due to their desirable mechanical
properties, including low density, high chemical stability and
remarkable tensile characteristics [7]. However, CF
composites are less frequently exploited for their electrical
properties. Some of the recent developments in this area
include filters for electromagnetic radiation, sensing, and resin
curing for space applications [8].

A key characteristic of unidirectional CF tows and
composites is their anisotropic conductivity. The individual
fibres provide conduction paths along the longitudinal
direction. However, for the current to flow across the width or
thickness of the tow, it has to pass through different fibres at
their contact points. Several studies have shown the ability to
detect damage in CF composites using the longitudinal and
transverse resistance measurements [9], [10].
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The proposed sensor design, shown in Figure 1, exploits
this property by using the longitudinal and through-thickness
resistance of the CF to determine the location and magnitude
of the applied forces. When pressure is applied, the
concentration of the CF strands increases at the contact area,
reducing the resistance. The magnitude of the applied pressure
can be determined through the change in resistance, and the
location of the contact can be determined through a
comparison of the different resistance readings across the
material as the magnitude of resistance change in R1 and R4
is different to R2-R4 due to the anisotropic resistivity.

The sensor fabrication consists of 5 steps:

1) The piezoresistive mixture is made by mixing 100
pum milled CF (15 wt.%) and PDMS (Sylgard 184).

2) A thin layer of the piezoresistive mixture is applied to the
ground tow and left handing for 30 minutes to remove excess
material.

3) The ground tow is cured at 60°C for 20 minutes.
4) The sensing tow is placed on top of the piezoresistive layer.
5) The full sensor is cured at 60°C for 40 minutes.

A 25-by-25 mm sensor was produced using the procedure
described above. The readings from the sensor were obtained
by measuring the voltage between the ground tow and the four
outputs (A-D in Figure 1(C)).

Sensing Carbon Fibre Tow

A)

Vout

CF and PDMS mixture

Ground Carbon Fibre Tow

B)

Sensing tow

Ground tow

25mm

Figure 1. A) Illustration of sensing mechanism. B) side view
illustration C) Top view illustration showing the outputs A-D.

B. Sensor Characterisation

In order to characterise the sensor, pressure was applied to
the sensor at different locations using a Cartesian robot. The
robot enables the location in the x-,- and z-axis to be
controlled, as well as the rate of movement. A strain gauge,
connected to an HX711 amplifier, was used to log the applied
pressure. The 4 sensor readings were measured via a potential
divider. Data acquisition was run in MATLAB in real time.

1) Detection of Pressure location

The sensor is, effectively, made of numerous fibres acting
as miniature sensors that cannot be addressed individually.
Neural networks (NN) have been used with similar sensor
designs to determine the location of the applied force [5]. In
order to classify the location of the applied pressure, the

surface of the sensor was divided into taxels, forming a 4-by-
4 matrix, shown in Figure 1 (C). The x- and y-location of the
applied pressure were determined using two separate NN with
a single hidden layer each (Single Layer Perceptron with a
sigmoid transfer function), as shown in Figure 2. The rationale
behind the choice of two NN is that different relationships are
used to determine the location on the x- and y-axis. Using one
NN to classify the location would result in 16 possible
outcomes, an increased number of layers required, and,
therefore, increased computational cost. The four sensor
readings are input to the neural network and the output is the
location on either of the axes.

The automated data collection setup, described in B, was
used to apply a range of pressure levels at different locations
on the sensor. The sensor readings and location of applied
pressure (x and y) were stored to be used as training data for
the neural network. The number of neurons in the hidden layer
was increased until no improvement in the performance was
observed.

C. Determining the Applied Force

When pressure is applied at a particular location, the sensor
reading corresponding to the appropriate x-axis location is
expected to show the greatest change in resistance, and
therefore, voltage. Furthermore, a change in the y-axis location
results in a change in R1 and RS that results in a change in the
voltage range that maps onto the pressure range. Due to this,
the pressure value is calculated after the contact location is
determined, using the voltage reading corresponding to its x-
axis location. For example, reading A is used for taxel (1,1).

Hysteresis is one of the main problems encountered when
using elastic tactile sensors. It is caused by the viscoelastic
properties of the polymers used, such as PDMS. Hysteresis
results in a difference in the response of the sensor based on
whether the applied force is increasing or decreasing and
makes it difficult for the applied pressure to be determined
directly from a voltage measurement. A hysteresis correction
solution proposed by Sanchez-Duran based on the generalised
Prandtl-Ishlinskii (PI) model was used to counter this effect

[11].
1) Generalised Prandtl-Ishlinskii model

The generalised PI model can be used to describe
asymmetrical hysteresis cycles using the generalised play
operator (PO) [12]. The output of the model is obtained by
integrating the product of the density function p(r) and the
generalised play operator H,/x](t) over a range of threshold r;
between 0 and R, as described by equation (1) [11].

Yo [ p(r) HA[X]() dr (1)

2) Inverse of the generalized Prandtl-Ishlinskii model

The PI model was used to describe the output of the sensor
(voltage) for a given applied force. In order to get the force
applied from a voltage measurement, the model was inverted.
The inverse model was obtained using the inverse of the
envelope functions as shown in (2) and (3) [13].
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Where g, is the threshold of the inverse, and g(qj) is the
corresponding density function [13].

3) Selection of model parameters

The selection of PI model parameters, X, which result in
the lowest error between the measurement values and model
output can be found using an optimisation function (4), where
X contains the model parameters and » is the number of data
points. The optimisation problem was solved using the
Isqnonlin function, which is part of MATLAB’s Optimisation
toolbox.

JX)= I (Ypu(t,)9(t,)) 4)

Different model parameters are required to describe the
relationship between force and voltage for different taxels.
Therefore, the optimisation process has to be repeated for each
taxel.

III. RESULTS

A. Pressure range

The sensor was able to detect pressures between 0.35 kPa
and 280 kPa. The upper limit of the pressure was due to the
capabilities of the test rig rather than the sensor. However, this
range is considered adequate as the average pressure exerted
on the hand when handling tools is below 250 kPa [14].

B. Identification of Contact Location

Plots of force against voltage for different taxels were
produced to confirm the hypothesis about how the contact
location can be identified. Row 1 and Column 1 (Figure 3 A
and B) were chosen to show the change in the outputs as the
contact point is moved along the x- and y-axis, respectively.
The processed voltage in A is the voltage divided by the mean
voltage of that reading. It can be seen that, as expected, the
change in resistance is highest in the output corresponding to
the x-location of the applied force. As the contact point moves
along the y-axis, the values of R1 and RS (refer to Figure 1)
increase, and the effect of the change in resistance is reduced
as the overall resistance is increased, as can be seen in B.
Comparing the resistance of the output corresponding to the x-
axis location to the rest of the outputs can enable the y-axis
location to be determined.

Two single-layer neural networks with 150 neurons in the
hidden layer were trained to classify the contact location in the
x- and y-direction. A data set of 7800 samples were split into
70% training, 15% validation and 15% testing. MATLAB’s
pattern recognition function, nprtool, was used to train the
neural networks to achieve the results shown in Figure 2.
Accuracies of 86.3% and 79.6% were achieved for the
detection of the x-axis and y-axis locations, respectively. It can
be seen in the confusion matrix that most of the
misclassifications were in the neighbouring locations. It can

also be seen that the middle classes show lower accuracies.
When pressure is applied to the middle of the sensor, for
example at (2,2), significant change in resistance is seen in R1-
R3. On the other hand, pressure applied at (1,1) will only result
in a significant change in Rl and R2, making it easier to
distinguish, and therefore classify.

C. Prandtl-Ishlinskii model results

The PI model was used with the readings from taxel (1,1)
to produce the graph shown in Figure 3 (C), which shows clear
hysteresis. A reduced range of pressures was covered (350 g
results in 122.5 kPa applied pressure). This was due to the
slipping of the tool used to apply the pressure at high pressures,
resulting in a change in the shape of the hysteresis response.
The optimisation function was used to find the parameters, X.
Those parameters were then used to obtain the value of the
applied pressure using the voltage readings. It can be seen that
the model matched the measurement values closely. Plotting
the result of the hysteresis compensation (Figure 3 (D)) shows
a high coefficient of determination, R?, of 0.98.
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Figure 2. A) Neural network used for the classification of contact
location. B) Results for location on x-axis and C) y-axis.

1V. DiscuUssiON AND CONCLUSION

The results show that unidirectional carbon fibre can be
used to produce flexible, durable and low-cost tactile sensors.
Its anisotropic resistivity enables it to act as both the sensor
and electrode. However, as with other simple fabrication
sensors, post processing is required to produce accurate and
precise measurements.

Using neural networks enabled the identification of the
contact location of the applied force based on the comparison
of the different sensor outputs (A-D). While this method works
for contact with objects with small surface areas, it is predicted
that correct identification of the y-axis location will become
more challenging with increased contact area and length of the
sensor. Furthermore, using signals from one side might not
enable the identification of multiple contact points.

Hysteresis compensation using the inverse PI model
resulted in a nearly linear mapping of the calculated force
against the measured force. This model was based on a
uniform rate of increase and decrease in applied pressure, for
a specific contact location. The particular model to be used
should be chosen based on the identified contact location.
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Figure 3. (A,B) The effect of the x- and y-axis location on the sensor outputs, respectively. Processed voltage is voltage/ mean voltage. (C) Results of
the PI model and inverse based on measurements from taxel (1,1) . (D) Hysteresis compensation plot.

Future work will include further investigation into the
capabilities and limitations of the sensor. This includes testing
the contact location identification using different objects, and
the effect of the rate of force application on the shape of the
hysteresis curves. Although existing research states that
describing rate-dependent asymmetric hysteresis through
modelling is not possible, it has been shown that recurrent
neural networks, such as long short-term memory recurrent
networks (LSTM NN) can be used to obtain relatively accurate
force measurements [15]. It is predicted that a solution
combining the use of LSTM NN to select the relevant model
parameters and the inverse PI model could be suitable for this
application.

The ability to use unidirectional CF for tactile sensing
opens up a range of design opportunities that could be
compared. CF composites are readily available in different
configurations, including weaves and 45° biaxial layers, due
to their commercial use for their structural capabilities.
Another aspect of the future work would be to test the use of
45° biaxial CF to enable 2D measurements with higher
resolution.

This paper has shown that a unidirectional CF can serve as
both the sensor and electrodes for pressure sensitive skins.
Only 5 connections are required on one side of a 25-by-25 mm
sensor to determine the location of applied pressure with a
resolution of 6 mm and an accuracy of, at least, 79.6%. It also
shows that a modified version of the inverse PI model can be
used for clockwise hysteresis compensation with R? of 0.98.
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