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‖University of Skövde, Skövde, Sweden
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Abstract—In this paper, we developed a fully textile sensing
fabric for tactile touch sensing as the robot skin to detect human-
robot interactions. We defined seven gestures which are inspired
by the interactions of typical people to people and pet scenarios.
Through evaluation experiment with 5 participants, the machine
learning algorithm can recognize the gesture with a 98% accuracy
if the algorithm has encountered the person before, and 86.8%
accuracy if the person is excluded in the training data.

Index Terms—smart textile; textile pressure mapping matrix;
robot skin; tactile sensing.

I. INTRODUCTION

Touch is fundamental in human-human interaction and as
robots enter human domains, touch becomes increasingly
important also in human-robot interaction (HRI). In recent
years, we’ve seen several approaches to whole-body tactile
sensing for robots, e.g., for the iCub [1], [2] or the HPR-
2 [3] robots. These systems are cell based, where each cell
comprise a small circuit board holding necessary sensors and
electronics and, while presenting excellent sensing capacity,
they constitute a relatively hard surface with limited flexibility.

In a recent study comprising 64 participants communicating
emotions to an Aldebaran Nao robot using touch, people
interacted for longer time when the robot was dressed in a
textile suite [4], compared to a standard Nao with a hard
plastic surface. These results indicate that the surface material
of the robot may be significant for extending and directing
tactile HRI. Inspired by these results, we here report on-going
work investigating the use of touch sensitive smart textiles as
a potential alternative to cell based robot skins.

One informative aspect of tactile HRI is the type of touch
[4]. In the present work, we evaluate the capacity of distin-
guishing between seven different types of touch, listed in Table
1, based on sensor data gathered from the smart fabric.

II. SKIN SENSING HARDWARE AND EXPERIMENT SETUP

The touch sensitive textile skin is made of the textile
pressure mapping (TPM) sensor (developed during the EU FT7
project SimpleSkin [5]), which has a three-layer structure as
typical force sensitive resistors. But instead of thin film, it is
made from flexible fabrics (produced by Sefar AG [6]). Its

Fig. 1. Realtime data visualization with a hand pressed on the textile pressure
mapping matrix.

flexible nature have proven it suitable for wearable garments
such as a smart shirt [7] or as textile covers in smart living
environments such as a couch cover for gesture input [8].
Therefore, they can be bent to fit many irregular surfaces as
on robots. Compare to other modular, comfort oriented robot
skin sensor designs such as [9] [10], the fabric TPM sensor
has a much simpler structure and less assembling effort. And
in contrast to structurally simpler tomography-based sensors
such as [11], the TPM sensor offers finer and more reliable
pressure location information.

The middle force-sensitive layer is carbonated polymer
fabric, and the top and bottom layers are metallic fiber
stripes woven into a non-conductive fabric substrate as parallel
electrodes. Every cross point of the top and bottom layers
is a pressure sensitive point, and the spatial granularity is
determined by the pitch distance of the parallel electrodes.
In this prototype we use a 1 cm pitch, 20-by-20 matrix.

The sensor is scanned and sampled by a custom designed
PCB built around a Microchip dsPIC micro-controller, sam-
pling rate is 50 frames per second with Bluetooth data
streaming. Fig. 1 shows the TPM matrix and the real-time



Fig. 2. Experiment setup and gesture example (a) P1 Grab and (b) P7 Stroke

TABLE I
PREDICTION CLASS DEFINITION

index gesture details
P1 grab whole hand grabbing the dummy’s arm
P2 poke with one finger, quick and forceful action
P3 press with multiple finger tips, slow action
P4 push whole hand including palm, slow action
P5 scratch with multiple finger tips, quick repeating actions
P6 pinch on a small area, forceful action
P7 stroke with multiple fingers, gentle repeating actions

data visualizing on a tablet, with a hand pressed in the center.
We defined seven gestures as listed in Table I. Only in P1 -

grab, the sensing skin is wrapped around a dummy arm (Fig.
2 (a)), and for the rest of the gestures, the sensor is fixed on
a flat surface (Fig. 2 (b)). This setup should be seen as a pre-
stage to mounting the fabric as skin for a robot, constituting a
robot-agnostic baseline without the full complexity of uneven
surfaces and the robot’s own motions. Five people participated
in the experiment, of whom two are female, and the hand
size (palm root to fingertip) ranges from 16.5 cm to 21.5
cm. The participants are given the literal descriptions of the
seven gestures only, without visual guidance. Every gesture is
repeated by every participant 16 times. Overall 560 gestures
are recorded.

III. ALGORITHM AND RESULT

A. Data Format and Digital Processing

The sensing skin gives out a temporal sequence of 2-
dimensional pressure mapping frames, at a speed of 50 frames
per second. Every frame is up-sampled from 20-by-20 to 40-
by-40 to increase the spatial resolution with bicubic interpola-
tion. Then the following descriptors are calculated from every
frame:

• mean value of all pixels’ value
• maximum value of all pixels’ value
• standard deviation of all pixels’ value
• distance from center of gravity to the frame center
• distance from maximum point to the frame center
• the number of pixels that has higher value than a thresh-

old (threshold = mean+ standard deviation)
The frame descriptors therefore reduces the 2-dimensional in-
formation to a limited vector. For example, if a gesture lasts 3

Fig. 3. Side by side comparison of P1 Grab (left) and P7 Stroke (right) with
the frame average sequences and their wavelet transform scalogram. (temporal
sequences after padding and hamming window)

seconds, a stream of 150 frames, each 20-by-20 are generated
by the sensing skin, and six arrays, each 150 in length, are ab-
stracted as the temporal sequences of frame descriptors. Next
we extrapolate features to represent a period of time sequence
of the frame descriptors. First, some statistic representations of
every time sequence is calculated as the first part of classifica-
tion features: {mean value, standard deviation, variance,
max−min, kurtosis, skewness}

We use fast wavelet transform (implemented by the LTFAT
toolbox [12]) on each sequence of the frame descriptors, with
10 filterbank iterations and Daubechies-8 mother wavelet. For
each filterbank, the wavelet transform generates a coefficient
vector, which indicates the frequency component of the spe-
cific filterbank. As shown in Fig. 3, for example, the signifi-
cance of the two gestures are that gentle stroke is a repeated ac-
tion while grabbing is a singular action, this is reflected in the
red box region of the wavelet transform scalogram. For each
vector of coefficients in very subband, we calculate the statis-
tical features: {mean value, standard deviation, variance,
kurtosis, skewness} (subbands lower than 4 do not have
sufficient number of coefficients to calculate the distribution
features, therefore only the mean value is used) Thus 270
features are calculated from each gesture instance.

B. Machine Learning Cross-Validation

Then the features are evaluated with Support Vector Ma-
chine (SVM) with quadratic kernel implemented by the Mat-
lab Classification Learner app. First we consider the person
dependent case, where the training and testing data are from
the same person. With 5-fold cross validation, the average
accuracy and F1 score are both 97.9%. (average accuracy is the
ratio of correctly classified data to the overall data; F1 score
is calculated as the harmonic mean of the average precision
and recall) The average confusion matrix is shown in Fig. 4
(a).

Second we consider the person independent (inclusive) case,
where the classifier is trained with multiple people, and has
’seen’ the tested person’s data before. All participants data



Fig. 4. Confusion matrix of the cross validation result.

are merged together, and 5-fold cross validation is performed,
with an average accuracy and F1-score of 98.6% as shown in
Fig. 4 (b).

Last we consider the person independent (exclusive) case,
where the classifier is trained with multiple people, but has
never ’seen’ the tested person’s data before. Leave-one-person-
out cross validation is performed. This typically has the most
negative impact on the classification accuracy since the tested
person is a complete stranger. The average accuracy therefore
drops to 86.8%. From a closer inspection of the confusion
matrix in Fig. 4 (c), it can be seen that many of the miss-
classification cases are between P3 - press and P4 - push,
which can be possible since the participants have very different
hand sizes and physique. Some of the P6 - pinch is classified as
P3 - press, which share the similarity that both are one slow
and forceful action in a relatively small region. And some
of the P5 - scratch is classified as P7 - stroke, which are
both repeating actions. Overall, 86.8% can be considered well
above random chance level (14.3% for 7 possibilities).

For a 2-3 seconds activity, on average, the data processing
and feature extraction process takes 0.14 seconds and the SVM
classifier takes 0.44 seconds for a single prediction, on Matlab
running on a late 2013 i7 Macbook Pro.

IV. CONCLUSION AND DISCUSSION

In this work, we developed a textile robot skin prototype
and algorithms to investigate Human-Robot interface through
various kinds of touch, which is still an uncharted territory.
The textile touch sensing skin is soft and the feel is close to
clothing materials. In a small region, it can detect different
modes of touch gestures with the same skin patch. We look
forward to further develop the potential of the textile skin in
the HRI scenario.

The miss-classification in leave-one-person-out evaluation
reveals interesting aspects when it comes to strangers, which
is similar to what may happen between human-human inter-
actions: for example, someone’s normal pet on the shoulder
feels too tough for some people. This opens the possibility to

progressively improve tactile communication through learning
or even differentiate between users of the robot using touch.
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