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Abstract— Tactile gesture recognition systems play a crucial
role in Human-Robot Interaction (HRI) by enabling intuitive
communication between humans and robots. The literature
mainly addresses this problem by applying machine learning
techniques to classify sequences of tactile images encoding the
pressure distribution generated when executing the gestures.
However, some gestures can be hard to differentiate based on
the information provided by tactile images alone.

In this paper, we present a simple yet effective way to improve
the accuracy of a gesture recognition classifier. Our approach
focuses solely on processing the tactile images used as input by
the classifier. In particular, we propose to explicitly highlight the
dynamics of the contact in the tactile image by computing the
dense optical flow. This additional information makes it easier
to distinguish between gestures that produce similar tactile
images but exhibit different contact dynamics. We validate
the proposed approach in a tactile gesture recognition task,
showing that a classifier trained on tactile images augmented
with optical flow information achieved a 9% improvement in
gesture classification accuracy compared to one trained on
standard tactile images.

I. INTRODUCTION

Research on Human-Robot Interaction (HRI) aims to
provide smooth cooperation between humans and robots,
allowing operators to interact with robots in the most natural
way [1]. In this respect, a significant body of literature studies
techniques to send commands to robots using gestures [2],
[3]. These gesture recognition systems predominantly rely
on the recognition of motions of the human body or hands
and are used to trigger specific robot actions. Most of these
systems are based on visual feedback obtained with the use
of RGB or RGB-D cameras [4]-[8]. Additionally, gesture
recognition based on information acquired from Inertial
Measurement Unit (IMU) and/or Electromyography (EMG)
sensors has also been considered in the literature [9]-[11].

Beyond the classification of body motions, another pos-
sibility is to directly interact with robots through physi-
cal contacts [12]. This type of communication is usually
preferred when close HRI is required and where physical
interaction is the most natural way to interact with the robot
(e.g. to move the robot arm or to teach a movement [13]).
In this respect, researchers have started taking advantage
of tactile sensors to recognise human gestures applied to
the robot [14]. In the literature, two main strategies have
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Fig. 1. The gesture applied by the human to the robot arm generates
a sequence of tactile images at each time instant (each 0.1s as shown
in the Figure). The contact shapes captured by the tactile images are
similar between the two different gestures. However, with the proposed
representation, which highlights the contact dynamics in the green and blue
channels of the image, the differences become much clearer — after 0.4s,
the dynamic fades for the Grasp gesture, while is still present in the Push.

been proposed. The first is based on the processing of time
series tactile data [15]-[17], some of which also contains
multimodal information [18], [19]. The second is based on
the processing and classification of the pressure distribution,
encoded as sequences of tactile images that describe how the
contact shape evolves over a fixed time window [20]-[23].
However, some gestures are not easily recognisable by
analysing the contact shape alone. An example is given in
Figure 1, showing two sequences of tactile images corre-
sponding to Grasp and Push actions performed by two dif-
ferent users. Each tactile image shows a greyscale represen-
tation of the pressure applied by the human hand at each time
frame. As can be observed, both gestures involve the same
parts of the hand (fingertips, palm and thumbs are present in
both sequences), making it hard to distinguish them solely
on the basis of the contact shape. A possibility to make
the gestures more distinguishable is to consider additional
sensory inputs or the effects of shear forces [24]. However,
this requires additional complexity from the hardware point



of view. Moreover, distributed sensors capable of capturing
shear forces can hardly scale over large areas.

It must be noted that, although the contact shape may be
similar among various gestures, the contact dynamics may
be completely different. As an example, while a Grasp is a
quasi-static action, a Push involves higher contact dynamics,
i.e., the value of the pixels in the image significantly changes
between two frames. This is not immediately visible from the
sequences of grayscale tactile images in Figure 1.

In this paper, we propose a simple and effective method to
significantly improve the accuracy of a classifier trained for
tactile gesture recognition. This approach does not require
any additional hardware and it is based on a processing of
tactile images only. Similarly to what is commonly done in
computer vision for camera-based gesture recognition [25],
[26], we exploit optical flow information to extract the dy-
namics of tactile gestures. Therefore, we propose to augment
the tactile image by adding information on the variation of
pixel intensities and displacement between consecutive time
frames. The proposed tactile image consists of 3 channels:
the red channel represents the pressure distribution at the
given time instant; the green and blue channels encode the
optical flow in the form of a dense flow field [27].

A sequence of augmented tactile images for Grasp and
Push gestures can be seen in Figure 1. Compared with
a standard tactile image, the contact dynamics are much
more visible through augmentation, and we hypothesise that
a classifier trained using augmented tactile images would
obtain significantly better performance compared to the use
of standard tactile images alone. In this respect, we first
collect a dataset of tactile gestures from a number of human
users interacting with the robot. Then, we test our hypothesis
by designing a classifier based on a Convolutional Neural
Network (CNN) and Recurrent Neural Network (RNN) ar-
chitecture [28] trained on both types of input tactile image
sequences.

The paper is structured as follows. Section II first describes
the steps to obtain the proposed augmented tactile image
from the sensors’ raw data. Then, a description of the
architecture of the gesture classifier follows. Section III
reports details on the experimental setup, the data collection
procedure, and the training and evaluation details for the
classifier. Results are presented and discussed in Section IV.
Conclusion follows.

II. AUGMENTED TACTILE IMAGES FOR GESTURE
RECOGNITION TASKS

This section describes how the proposed tactile data rep-
resentation is built, starting from raw tactile sensor measure-
ments, and provides details on the network architecture used
for gesture classification.

A. Augmented Tactile Image

The complete processing pipeline used to create the tactile
image augmented with dense optical flow information is
shown in Figure 2.
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Fig. 2. Processing steps required to augment a tactile image using dense
flow information. As a gesture is performed on the robot, the distributed
tactile sensors embedded in its body capture the pressure distribution,
generating an array of measurements. The measurements are processed to
create a 3-channel tactile image. The red channel represents the contact
shape captured at the given time instant. The green and blue channels encode
respectively the magnitude and direction of the optical flow computed
between consecutive time frames.

It is assumed that the physical gesture is performed on
an area of the robot equipped with distributed tactile sensors
that can capture the physical interaction. In the following, we
refer to large-area tactile sensing technologies composed of
distributed transducers, namely taxels, capable of providing
information on the pressure applied over a certain region
[29]-[33]. At each sampling time instant k, the sensors
produce a set of responses Yr = {y1,,¥2,---Yigs-- YN, }»
where y;, € R, i={0,1,...,N}, and N is the total number
of taxels. These responses contain raw measurements which
are a function (typically non-linear) of the pressure applied
on each taxel.

The array y; can be converted to a tactile image through
a process of resampling and interpolation of the taxels’
spatial distribution [34], [35]. In Figure 2, we refer to this
transformation as ®(y;). It must be noted that, if taxels
are integrated over a non-planar robot body part (as in our
experimental setup described in Section III), the generation
of the tactile image is still possible as described in [36]. The
resulting tactile image is a 1-channel image, whose pixel
values are related to the pressure applied on a specific area of
the robot. As visible in Figure 2, the single image I captures
the shape of the hand in contact with the robot body when
the user is performing the gesture.

The next step is to consider a sequence of two consec-
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Fig. 3. Classification model for gesture recognition based on a CNN-LSTM
architecture. The network takes a sequence of tactile images of length L as
input.

utive tactile images and compute the dynamic information.
The optical flow is computed using the Gunnar Farnebéck
algorithm [37]. The algorithm can be used to compute a
dense optical flow, estimating the flow at each pixel of the
image. Compared to other popular methods, such as the
Lucas-Kanade algorithm [38], which assumes constant dis-
placement of the pixels, it is computationally more expensive
but more suitable for dealing with complex displacement
patterns. Due to the relatively small resolution of tactile
images, compared to high-resolution images acquired with
cameras, the higher computational time is not critical for
our application.

The dense optical flow I = f(Ix,Ix_;) is then computed
between two consecutive frames, using the tactile image I;_;
generated in the previous sampling step. The first step is
initialised with an image Iy whose values are null. I; consists
of a 2-channel image — the first encodes the magnitude
of the flow, while the second encodes its direction in polar
coordinates. The last operation consists of joining I; and I
into a 3-channel image ik, encoding, at time instant k, both
the contact shape (red channel) and its dynamics, expressed
as a dense flow — green for the magnitude and blue for the
direction.

B. Classification Architecture

To evaluate the effect of the proposed approach, we
perform classification of the sequences of tactile images
associated with different gestures. Since a single data sample
consists of a time series of tactile images, this resembles
a video classification problem. Therefore, inspired by prior
works on video classification [39], we leverage a combina-
tion of a CNN and a RNN. For each input sequence, the
CNN is first used to extract spatial image features from
each tactile image frame. Then, the sequence of image
features is passed through the RNN to capture the temporal
dependencies between the frames. The output representation
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Fig. 4. Experimental setup: distributed tactile sensors are integrated into
the forearm of the Baxter robot. The tactile system is composed of 1558
capacitive-based taxels, which acquire tactile measurements at 10 Hz. This
platform is used to collect a dataset of 5 gestures from 38 people.

that captures both the spatial and temporal information is
passed through a final layer of a fully-connected network to
perform classification.

Specifically, for each sample, we perform simple prepro-
cessing on individual image frames, including resizing and
normalisation. Then, we use an Ef ficientNet pretrained
on ImageNet to extract the image features from individual
frames [40], [41], and an LSTM network to capture the
temporal information [42]. The choice of the CNN and
RNN architecture is modular and can be adjusted depending
on the size and type of the dataset. During training, the
weights of all of the neural networks, including the pre-
trained networks, are updated.

As visible in Figure 3, the input to the network is a
sequence of images of fixed length L. The effect of changing
the length L on the classification accuracy is discussed in
Sections III and IV.

III. EXPERIMENTS DESCRIPTION
A. Experimental Setup

The dataset has been collected on the platform shown in
Figure 4, consisting of a Baxter robot equipped with 1558
distributed tactile sensors on the forearm. Sensors are cov-
ered by a conductive black fabric, and their placement (for
the upper half of the forearm) can be seen in Figure 4. The
tactile sensing technology, namely CySkin, is an improved
version of that presented in [43]. It is composed of triangular
modules hosting up to 11 capacitive-based taxels, whose
pitch is 7.5 mm. Measurements are collected through a CAN
bus at 10 Hz with 16-bit resolution.

B. Tactile Dataset Collection

Users were asked to perform gestures on the robot’s
forearm, similar to those described in [36]:

e Grasp: the user firmly grasps the robot forearm with
one hand.

o 2hGrasp: the user firmly grasps the robot forearm using
both hands.

o Twist: the user grabs and twists the robot forearm along
its rotational axis.
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Tactile images corresponding to 5 different gestures performed by a single user. An image is generated at each sampling step of the tactile

system (0.1s). As visible, using standard tactile images, Grasp, Twist and Pull look similar in this case. However, when using the proposed 3-channel
encoding, their differences become more visible. (a) Sequences of standard 1-channel tactile images; (b) Sequences of tactile images embedding optical

flow information.

e Push: the user pushes the robot forearm away.
o Pull: the user grabs and pulls the robot’s forearm.

It must be noted that when collecting these kinds of
gesture datasets, data are affected by user variability [15],
[24], [36]. Physical characteristics such as hand size or
grasping strength may affect the way the user interacts with
the robot. Since we wanted to let the users interact with
the robot in the most natural way possible, participants were
informed only by describing the gesture to be applied. No
instructions were given about the force to be applied, the area
of the forearm to be touched, or the length of the gesture.
In order to take into account possible user variations and
capture them in the dataset, we involved 38 users in the
experiments!. They differ in terms of gender (68.4% Male,
31.6% Female), handedness (92.1% Right, 7.9% Left), age
(21-34 years), weight (48-95 kg), and hand size (16-20 cm)?.
Compared to other studies on touch gesture recognition, this
dataset has a number of gesture classes similar to [19]-[23],
while the number of people involved in the study is in line

!Users involved in the experiments signed an informed consent form.
2The hand size is measured from the base of the palm to the tip of the
middle finger.

with [21], [23] and much higher than [15], [17]-[20], [22].

Each gesture was repeated 5 times in two different po-
sitions—standing in front of and on the side of the robot.
Considering all 5 gestures, this led to 50 samples for each
user, corresponding to a total of 1900 samples. During the
whole experiment, the robot was commanded to maintain its
pose. Each recorded sample consists of a sequence of tactile
measurements collected every 0.1 seconds. The length of the
gestures varies from a minimum of 0.5 s to a maximum of
2.7s. Such a difference in length is due to the fact that after
performing the gesture, users were still holding the robot for
a while. In order to avoid the classifier being biased by the
length of the gesture, we set the input size of the network
to L =35, corresponding to 0.5 s, i.e., the shortest duration
in our dataset. Furthermore, when testing the classifier, only
the first L tactile frames are considered. Additional analysis
on the input length L is reported in Section IV.

From the raw measurements, two datasets of tactile images
were generated. The first dataset is composed of 3-channel
tactile images generated as described in Figure 2. The second
dataset contains standard 1-channel tactile images and is
needed as a comparison to analyze the advantage of including
optical flow information in the input data to the classifier. The



size of each image is 357 x 334. They have been created
by resampling the distribution of the taxels as described in
[36] with a spatial sampling step of 1 mm.

Finally, Figure 5(a) reports tactile images of the 5 gestures
performed by a single user and sampled at 0.1 s>. As visible
from the contact shape, this user uses her/his whole hand to
perform the 2hGrasp gesture, while mostly the fingers were
involved in the Push operation. Regarding Grasp, Twist, and
Pull, the contact shape is similar among the three gestures,
since the participant mostly involved the fingertips in these
three gestures. Figure 5(b) shows the the same data processed
as described in Section II-A. As shown, when superimposing
the dense flow over the contact shape, Grasp, Twist, and
Pull become much more distinguishable. In particular, in
the Grasp case, the dynamic component quickly fades, and
the static component of the pressure distribution becomes
dominant at the fourth sample. In the Twist action, the green
channel (corresponding to the magnitude of the optical flow)
is most dominant and is concentrated at the fingertips where
the user is increasingly applying force to twist the robot
forearm. Similarly, for the Pull gesture, the dynamic part
is much more evident than in the Grasp and with a different
pattern than the Twist. However, this is just an example - as
previously discussed, the way users interact with the robot
may vary. For instance, the Push gestures in Figures 1 and 5
are completely different - in Figure 1 fingertips, thumb and
palm are involved, whereas only the fingers are visible in
Figure 5.

C. Model Train and Test Details

Both datasets were split into train and test. To ensure the
validity of the average accuracy result, we randomly sample
a fixed number of 30 samples (~10%) from each gesture
class to form the test dataset, and use the rest (~90%) as the
training dataset. Furthermore, we performed augmentation
on the training dataset, whereby for each sequence longer
than L frames, we use a sliding window approach to generate
additional sequences for training by slicing the full sequence
into smaller sequences of L consecutive frames, thereby
generating more training samples. This results in ~1800
samples for each gesture in the training dataset.

The CNN-LSTM network in Figure 3 based on
EfficientNet-BO (see Section II-B) was pretrained on
ImageNet to extract the image features. We apply a dropout
of 0.3 before passing the output of the LSTM network to
a fully connected layer of 256 neurons for classification.
For training, we use the standard cross entropy loss, and
use stochastic gradient descent for gradient updates with a
learning rate of 0.001. We train the models for 100 epochs.

For evaluation, we use three different seeds for each
classification experiment and compare the results using the
augmented 3-channel tactile images versus the original stan-
dard 1-channel tactile images. Furthermore, when analysing
the effect of the length of the input sequence L > 5 in

3The contact shape in the 2hGrasp appears to be split due to the
transformation of the 3D taxel distribution (wrapped around the forearm)
into a 2D image [36].
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Fig. 6. Normalised confusion matrices for the classification experiments.
The results are averaged across three seeds. The proposed representation
boosts the classification accuracy by about 9%. (a) Confusion matrix
obtained by training the model with standard tactile images - mean accuracy
80.7 £0.4%. (b) Confusion matrix obtained by training the model with
augmented tactile images - mean accuracy 89.1£0.2%.

the second part of Section IV, we pad the samples with
insufficient frames with additional blank frames.

IV. RESULTS

Figure 6 show the confusion matrices of the classifiers
evaluated on the first L =5 frames of sequences belonging
to the test set.

Using the original standard tactile images, the CNN-
LSTM classifier achieves a mean classification accuracy of
80.7£0.4% across the 5 gestures. As shown in Figure 6(a),
the classifier trained on standard tactile images mainly con-
fuses Grasp with Twist and Twist with Pull, while Push is
mainly confused with Grasp and Twist.
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On the contrary, the proposed augmented tactile image
allows the network to improve the classification accuracy
by about 9%, achieving 89.1 0.2%. This improvement
is achieved solely by performing the simple preprocessing
described in Section II-A. From the confusion matrix in
Figure 6(b) it is clear that Grasp, Twist, Push, and Pull
are much more distinguishable. The recognition of Grasp
improved by 17%, reaching 95%. Similarly, the accuracy
for Twist increased by 16%. Compared to other gestures,
Pull only gains an increment of 6% and is mostly confused
with Twist. We argue that this is mainly due to the fact that
both gestures primarily involve the fingertips. Although the
dynamics are different for most users, a larger dataset may be
required to properly train the model to distinguish between
these two gestures.

Finally, we also performed additional experiments by
changing the input length L and evaluating the effects on
classification accuracy. In particular, smaller values of L
allow for classifying the gesture in a shorter time, thus
reducing the delay between the user command and a possible
action triggered by the robot in response to the specific
gesture. On the contrary, larger values of L increase the delay
but allow for collecting more tactile information, possibly
improving classification accuracy. In this respect, both clas-
sifiers have been retrained by considering L ={1,2,3,4,6}.

As shown in Figure 7, in the case of tactile images
augmented with optical flow, L =4 frames already provide
a reasonably good classification accuracy. With L < 4, the
mean accuracy is below 85%, with lower repeatability among
the seeds for L =2 and L = 3. For L = 6, as expected, the
accuracy slightly improves to more than 90%. Regarding
the model trained on standard tactile images, it is clear that
performance is always lower than the model trained with
augmented images. Furthermore, for L > 3, the accuracy
reaches a plateau, and even for L = 6, it remains lower than
what was obtained with the augmented tactile images using
half of the input length.

V. CONCLUSION

In this paper, we analyse the effect of incorporating
dynamic contact information into tactile data to improve the
performance of gesture recognition tasks. Specifically, we
propose a representation of tactile data as a 3-channel image,
which integrates both the contact shape and its variation over
consecutive frames through dense optical flow.

We validated this approach using a gesture classification
task with a dataset collected from a large number of par-
ticipants interacting with a robot. The results demonstrate
that including optical flow information provides a simple
yet effective solution to improve classification performance.
Our experimental findings reveal a significant improvement
in classification accuracy, highlighting the effectiveness of
this method without necessitating additional hardware or
complex machine learning architectures.

Future works will be dedicated to extending the pro-
posed representation by also including additional sensors
commonly available on robots (such as torque sensors at the
joints), and analysing how these can be exploited to further
improve classification accuracy even while considering more
complex gestures.
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