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Abstract

In robotics, the current state of object recognition in haptic sensory mode falls significantly short of the results obtained in
visual mode. One of the main reasons for this is the lack of haptic data sets for training recognition models. A major impedi-
ment is the time-consuming and difficult task for a real robot to capture large amounts of haptic information. This paper
introduces a virtual haptic dataset generator system that captures haptic features based on the curvatures of an object. The
main goal is to show that this capture system is a feasible approach that can eventually be implemented not only in virtual
settings but in actual robots. The virtual haptic capture system described speeds up the learning process, where a real robot
would learn through virtual simulation. The paper shows three important points that make the system feasible. The capture
is independent of the angle of inclination of the end-effector as it approaches the explored object. The system recognition is
performed on everyday objects. Since a real system is exposed to noise during data acquisition, the data of the virtual system

must also contain noise. High performance is still achieved within the noise ranges of current sensor systems.

Keywords Actuators - Sensors - Haptic - Design - Object recognition - Simulation

1 Introduction

Studying the development of human object recognition abili-
ties, we know that infants learn object features by explor-
ing them with their hands (Gopnik 2012), rather than just
passively looking at them. Exploring objects through the
sense of touch provides distinctive features such as shape,
size, weight, temperature, softness, and texture among oth-
ers. Together, these features allow us to identify and under-
stand how we can interact with objects in the physical world
(Dahiya et al. 2015). Inspired by these human capabilities
and with the aim of developing artificial agents that inter-
act efficiently in the real world, the advancement of haptic
perception in the field of robotics has become increasingly
important over the last decade. For an artificial system,
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haptic recognition is not only useful in some adverse visual
situations, but it also complements vision in the integration
of the two modalities (visuo-haptic) and in the interpretation
of a common inter-modal reality.

In artificial systems, developments in visual and hap-
tic modalities are not progressing at the same pace. Huge
advancements have been made in visual object recogni-
tion thanks to the availability of large data sets (Deng et al.
2009) with a significant number of images. On the other
hand, data acquisition by touch is a problem that is not yet
well solved. Collecting haptic data with real robots is very
time-consuming (Levine et al. 2018) and usually requires
human assistance. A possible shortcut and the approach of
this paper is the generation of virtual data sets where the
robot-object interaction takes place in a simulated environ-
ment. In addition, this approach can also be used to create
new models of haptic interaction and validate them before
implementing them in real physical robots, which would
significantly reduce costs. It should also be noted that a vir-
tual capture system does not have the sensor noise of a real
system. Therefore, it is important to analyze the robustness
of the virtual object recognizer when noise is added to the

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s41315-024-00402-6&domain=pdf

376

A. Gutiérrez et al.

synthetic data. Based on this, in this paper: (1) we propose a
virtual haptic capture system based on local curvatures, (2)
we show its effectiveness in recognizing quotidian objects,
and (3) we analyze the feasibility of transitioning from this
virtual capture system to a real system by adding noise to
the virtual data.

To recognize objects by their shape, we focus on the char-
acterization of them based on local geometry. To extract
this information, the virtual haptic data capture system has
an end-effector with three equally spaced fingers that con-
tain a contact sensor at the end of each finger for detecting
contact with virtual objects (Fig. 1). For each touch of the
object’s surface, we obtain a three-component vector, each
value corresponding to the contact time of each finger. Our
system receives neither information about the contact force
nor about the deformation of the analyzed object. In other
words, the interaction is completely rigid, only the tempo-
ral distance between the fingers is captured. Therefore, our
approach uses a low-dimensional feature to capture the local
curvature in order to recognize objects using a classifier.

The paper is organized as follows. Section 2 positions
our work with respect to the advances in object recognition
through tactile sensing. Section 3 introduces our approach
to local curvature computation based on different finger con-
tact times. Section 4 presents the digital capture system, the
ShapeNet stimulus collection (Chang et al. 2015), and the
captured data set. Section 5 introduces the classifiers, pre-
sents the results on the Shapenet data set, and discusses the
main achievements. Finally, Sect. 6 analyzes the behavior of
our system when noise is introduced into the data set.

2 Related work

In the current state of the art, we find several proposals for
haptic capture systems. These approaches can be categorized
based on the input of the recognition system. We can divide

Fig.1 Our proposed three-
finger end-effector added to a
conventional robot arm
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them into three categories: (1) those that use the distribu-
tion or spatial coordinates of contact points to recognize a
3D shape, (2) those that use a tactile array of sensors that
measure pressure patterns, (3) the combination of both.

2.1 Distributed tactile sensors

The works that use spatial coordinates usually have sen-
sors at the end-effector of a robot and ascertain the geom-
etry and global shape of an object based on the location of
the contact points (Allen et al. 1988; Zhang et al. 2016).
These approaches have been successful for specific sce-
narios where objects are fixed and stationary. However, it
can require some considerable time especially when a huge
number of samples is needed to recognize the object’s global
shape. Moreover, the low precision of the contact points’
sensors strongly directly affects the chaining of transforma-
tions involved in calculating hand pose configurations that
can cause errors (Gorges et al. 2011).

2.2 Tactile sensor arrays

Other approaches have used high-resolution tactile arrays.
These arrays of tactile sensors are used to gather pressure
patterns based on the measure of contact forces or the defor-
mation of a soft elastomer skin. These tactile patterns can be
represented as images, which can be processed using com-
puter vision descriptors. GelSight (Yuan et al. 2017), which
uses an optical tactile sensor to obtain a high-resolution view
of the contact surface geometry, has successfully been used
in numerous challenging robotic tasks (Dong et al. 2017).
This sensor has also been used for surface-following tasks
(Lu et al. 2019) using deep reinforcement learning.

Several works have tried to mimic the haptic sensing
capability of the fingertips of human beings. Early stud-
ies (Goodwin et al. 1991) have explored the ability of our
fingers to discriminate flat, concave, or convex curvatures.
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This has led to a spherical tactile sensor for sensing cur-
vature using the color-interference of a marker array (Lin
et al. 2020). Nonetheless, this type of tactile sensor also has
several problems, like the expensive computation required
to handle the high dimensional raw data (Polic et al. 2019).
Mapping this data to a lower-dimensional feature space can
also result in a loss of some of the physical information from
the input.

Combining these two approaches also show promise in
recognizing objects. When the tactile patterns and contact
point spatial information are combined, more robust meth-
ods can be achieved (Spiers et al. 2016; Luo et al. 2016).

Nonetheless, these approaches usually rely on large data
sets of training data in order to utilize modern machine
learning algorithms. Capturing haptic data for training by
robots is still a very complex and costly task, so the study of
generating synthetic data sets can be an interesting alterna-
tive (Wu et al. 2019; Gomes et al. 2021) to save time and
resources.

2.3 Contribution to the state of the art

The improvements of this work over the state of the art are
related to the two approaches previously described. The hap-
tic capture system we present allows us to acquire knowledge
about the local geometry of the object being explored with-
out any information regarding its global location, avoiding
the errors involved in calculating the hand pose configura-
tion. Furthermore, unlike tactile patterns, the dimensionality
of our captured data is extremely low, and despite this, we
obtain results similar to the state of the art.

Our proposal is based on Garrofé et al. (2021) where
the capture system proposed is just a toy model that only
works in ideal conditions with a very limited collection
of virtual stimulus shapes. For example, the end effec-
tor’s fingers had to be perfectly aligned, the direction of
approach always had to be perpendicular to the object sur-
face, and as a virtual capture system, there was no noise in

the captured data. In our work, our principal objective is
to show that this capture system could be implemented in
areal robot and we solve all the issues enumerated above.
We show this by capturing data from haptic sensors that
approach the object with different angles of inclination,
using complex everyday objects for testing, and evaluating
the robustness of the haptic system by adding synthetic
noise to the input digital samples.

3 Local curvature features from virtual
haptic sensors

We have designed a virtual manipulator composed of three
aligned and equally spaced fingers with a contact sensor on
each. The fingers explore a stimulus by moving at a con-
stant speed toward its surface until they detect a collision.
The system extracts the relative times between each con-
tact sensor, i.e., it measures the time difference between
the first contact with the object and the subsequent con-
tacts. We thus obtain a feature composed of three values
(t,,1,,t3), where each ¢, corresponds to the time elapsed
from the first contact sensor and the contact of sensor i.
Hence, the first sensor contact time is always 0 as a refer-
ence for the other two, see Fig. 2. The time differences
form a discrete function that provides the system with
local geometric information regarding the object being
explored, i.e., its curvature, computed as follows:

(t] - tz) - (l‘2 - t3)

Preferably, in order to work in a real environment, the cap-
tured parameter should not depend on the inclination of
the end-effector with respect to the surface of the explored
object. Let us consider an exploration where the manipulator
is displayed as in Fig. 3, where the end-effectors’ orienta-
tion is arbitrary to the objects’ surface as shown in Fig. 2.

Fig.2 Representation of an
end-effector contact event.

The three contact sensors are
represented by the red dots and
the stimulus by the blue zone.
In the box (top right), the graph
shows the time versus position
relation between the sensors. ‘
As an example, the box shows _d
the moment when the first sen- i
sor contacts the surface. Once /
they collide with the stimulus’ /
surface the system generates
the temporal feature (¢, ,,13),

wheret, = 0andt; > 13
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Fig.3 Representation of an
oblique contact. In this image,
the contact surface is the same
as in Fig. 2. In this case, the
end-effector moves remarkably
inclined (determined by the
distance y) towards the surface.
As shown in the box above,
finger 1 will make contact with
the surface before finger 3 does.

However, the resulting curva- >
ture computation is invariant as t1id
proved in the text y

The contact times (7], ), £;) will be disrupted by the fingers’
initial location as follows:

tl = tl

/
th=t,+1,
/

th =ty +21,

where 7, is the time required to traverse the space y due to
the inclination of the end-effector (see Fig. 3).

In this scenario, the data obtained do not reflect the cur-
vature of the stimulus directly (as in Fig. 2), but it can be
inferred from the distance travelled by the inclined end-
effector towards the stimulus as follows:

(1, — 1) =ty = 1) =1, =21, = 21,
i+ 20, =t — 1) — (t — 13)

Therefore, the perceived curvature in both scenarios, Fig. 2
and Fig. 3, is the same. Thus, the characteristic information
contained in each perceived sample regarding the geom-
etry of the stimulus, i.e. the curvature, can be measured by
exploring the stimulus’ surface regardless of the inclination
angle from which the end-effector approaches the object.
Another important aspect of our haptic capture system is
the speed of the end-effector. In this case, two cases must
be considered. The first case where the speed differences
are within the same data set of the training. A second case
in which speed differences occur between training data sets.
When creating a dataset to train models, it is important that
the speed remains constant, otherwise we may obtain differ-
ent contact times and therefore different curvatures for the
same sample of the same object. Of course, it is not easy for
a real robot to always have the same capture speed. For this
reason, in Sect. 6 we add noise to our data to simulate differ-
ences in speed capture. Another case is when there are two
training data sets and these were captured at different speeds.
In this case, the same sample would have different contact
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times in each data set, but this would only be a scaling factor.
For example, consider a haptic capture system with velocity
measurement v. Given another haptic capture system with
the same design but with velocity v/, where v = av'. Then
the same two samples taken from the same object in two
different data sets are (¢,, t,, ;) and (t; , tg, tg) = (aty, aty, aty).
As you can see, the difference between the samples is only
a scaling factor, which of course does not affect the predic-
tions of the same model trained with the two different data
sets.

4 Capture system, stimuli and data set

The implementation of our haptic capture system has been
done in a virtual environment developed in Unity (Juliani
et al. 2018) (v2019.4.11f1). In this environment, the three
contact sensors are represented as spheres with a scale of 0.3
units, aligned according to what we call an alignment vec-
tor (see green line in Fig. 4), and with equal spacing of 1.5
units between them. To extract same-level features for all the
objects, the 3D objects are normalized in their size so that
we can ensure that the contact sensors can touch them on a
similar scale. This is done in this paper in order to be able
to compare the curvatures of the different stimuli better and
on the same scale. If the proportions of the real stimuli are
to be maintained, it is necessary to do the same in the virtual
environment. In this case, it is only necessary to ensure that
the distance between the fingers of the end effector is always
the same and sufficient to explore the smallest object in the
set of stimuli.

The capture system process consists of a set of contact
iterations per object. The 3D object is placed in the center
of the scene and the contact sensors are in a random position
(different for each iteration) around it. From this position,
a target point inside the objects’ bounding box is selected
randomly. The contact sensors move towards the object



A virtual data generator system for shape recognition in haptic robotics

379

Fig.4 Unity environment developed to capture haptic data from the
stimulus (bottle), three aligned contact sensors (spheres), pointing to
a point on the object (red crosses) and moving in the same direction
(arrows)

according to the direction of the vector that connects the
central contact sensor and the target point (see blue arrows
in Fig. 4). This way, the system obtains samples from any
part of the object’s surface. Instead of aligning the contact
sensors orthogonally to the motion direction vector, we have
introduced a random tilt [-10%, 10%] to simulate possible
misalignment in the robotic manipulator. As described in
Sect. 3, this inclination does not compromise the measure
of the curvature. Having placed all the elements (see Fig. 4),
the three contact sensors move with a constant velocity
according to the formerly mentioned direction. The system
detects when a contact sensor collides with the object and
saves the contact time relative to the first collision. When the
three sensors have collided, the system resets the position
of these with new locations and captures new information
until the number of defined contact iterations per object is
accomplished.

Ordinary household objects have been used as stimuli for
the experiments described in this paper. The 3D shapes of
these objects have been drawn from the online 3D data set,
shapenet (Chang et al. 2015). Specifically, we use ten differ-
ent objects: a bowl, a camera, a paper clip, a fork, a hammer,
a computer mouse, a pair of scissors, a spoon, a wristwatch,
and a bottle of wine (see Fig. 5). In a more recent work
(Hogan et al. 2021), the same objects were used for recogni-
tion, which allows us to compare the results.

Having these stimuli, we executed our capture system
with 21,000 iterations for each object with a constant veloc-
ity of the contact sensors of 10 units/second. Each iteration

\
\\\\\\

\\

|

Bowl Camera Paper clip Fork Hammer
\ ™

Computer Scissors Spoon Watch Bottle
mouse of wine

Fig.5 ShapeNet 3D objects used as stimuli for haptic data capture

generated a sample, where a sample is composed of the
three float relative time values. The data of each object was
stored in a text file, where each sample is written as a line.
This leads to a data set composed of ten files with 21,000
lines of tactile data. These samples are available in an open
repository.

As described in Sect. 3, the relative times (¢, t,, f3) cap-
tured by the contact sensors provide us with information on
the convexity or concavity of the stimulus in the sampled
point. By collecting multiple samples we can extract the
different curvatures of each object. Using a Kernel Density
Estimation, we can compute the probability density function
based on second derivatives obtained from each stimulus.
Figure 6 shows clear differences between the PDFs of the
stimuli, this suggests that curvature can be an appropriate
feature for classification.

5 Haptic object recognition

The classifier we use for object recognition is XGBoost.
XGBoost is a machine learning system whose imple-
mentation is based on a gradient-boosting decision tree
algorithm(Chen et al. 2016). It ensembles a sequence
of tree models, each one of those being a weak classifier
whose training is conditioned by the incorrect predictions
of its previous model. The predictions of each model are
added, obtaining the final probability predictions of a sam-
ple belonging to each class (Fig. 7). The parameters of the
model are: 100 decision trees as weak classifiers, with 6 lev-
els of depth each, and trained with a gradient descent algo-
rithm in which the learning rate is set to 0.3, with a gradient
tree booster and multi:softprob as a learning objective. The
training of this classifier is done by feeding the XGBoost
model with a set of samples, where each sample consists
of the 3 relative time values feature vector described above.
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Fig.6 Haptic descriptors based on PDFs of curvatures. The descrip-
tors shown correspond to each of the 10 selected objects in the Shap-
eNet data set (Fig. 5). The dashed vertical line marks the zero curva-

= [t 1, t]

S
| XGBoost model .

Training set
|

'j@j'

[Plc,[z), Plcz), ...,

Pleyfz)]

Fig.7 XGBoost diagram. The test feature vector x; is processed with
the k decision trees and their predictions f; are added to obtain the
probability P(c;|x;) for each one of the M classes
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Second derivative of contact points
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ture (flat) of the explored surface, and on its right, the curvature is
concave while on its left, the values correspond to convex curvature

Once the model is trained, in the test phase, we take
N feature vectors of the stimuli, which defines our set of
samples X (Fig. 7). From the predicted probabilities of
the XGBoost-trained model, we obtain the likelihood of a
sample belonging to each class. We obtain the likelihood
that a given sample x; belongs to a class ¢;. The Bayes’s
theorem allows us to compute the probability for a set of N
samples, (x;,X,, ..., Xxy). The resulting Bayesian XGBoost
classifier determines the class of the given feature vectors
by maximizing the combination of the logarithm of their
probabilities. It can be formulated as:

N
s [ Bt
where N is the number of feature vectors in the set of
obtained samples X, M the number of classes (10 in this
paper), and P(c;|x;) is the probability of the feature vector x;
to belong to class ¢;» which is obtained from the XGBoost
model.

The recognition results have been obtained by means
of a 10-fold cross-validation test with the samples col-
lected from our data set based on the ShapeNet objects. To
study their accuracy in different amounts of feature vectors
or samples (N), we tested the classifiers for 30 ranges of
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sample sizes distributed in a logarithmic scale from 10 to
120. For each fold and sample size, we have computed the
accuracy of 10 groups of feature vectors per object.

In Fig. 8(a), we can observe the average accuracy
obtained depending on the taken sample size. This evolu-
tion shows that with only 10 samples, the classifier achieves
a 90.7% (%2.52) average accuracy. Such performance is
desirable when moving from simulation to a real environ-
ment (see Sect. 6), where we expect a robot to recognize an
object by sensing a few samples. Anyway, we can improve
its accuracy by increasing the number of samples. As shown
in Fig. 8(a), we achieve around 99% of average accuracy
from 30 samples.

In order to better understand the results, individual analy-
sis of the different objects is done by plotting the specific
classes’ accuracies in Fig. 8(b) and by showing the confusion
matrix obtained at a certain number of samples in Fig. 9. As

Bayesian XGBoost Average Accuracy

100

80

Accuracy
o
o

IS
o

20

20 40 60 80 100 120
Samples

@

Bayesian XGBoost Accuracy

100

80

=3
S

bowl
camera
clip

fork
hammer
mouse
scissors

Accuracy

IS
S

11

20

—— spoon
watch
0 —— wine

20 40 60 80 100 120
Samples

(b)

Fig.8 Bayesian XGBoost classifier: a average accuracy, and b accu-
racy for each class given the number of test samples evaluated on the
trained PDFs

we can observe, there are two objects that fail to be recog-
nized significantly more: the fork and the spoon. The similar
shape of these objects causes the classifier to be confused
with each other and get a lower accuracy. Even with this
confusion, our classifier is able to differentiate them with
accuracies higher than 90% from 25 samples, proving that
our method can be applied to similar objects. Hogan et al.
(2021) propose a tactile recognition method applied to the
same Shapenet objects, and their average recall was 90.4%.
Our average recall for just 10 samples is 89.5%. Thus, we
can affirm that our method reaches similar metrics to theirs.
The data set generated for the experiments explained above
is available in an open repository. We encourage the machine
learning research community to achieve better accuracy with
fewer samples through published data.

6 Addition of noise: towards a real
environment

The results presented in Sect. 5 have been obtained in a
virtual system without considering any possible noise. Obvi-
ously, in a real robotic setup, noise is inevitable. In order to
assess the robustness of our system, we will subject it to per-
turbations by adding Gaussian noise. Therefore, the system
will classify using virtual data modified by introducing these
perturbations to simulate a more realistic scenario.

6.1 Noise insertion to samples

From a normal distribution (0, o) we draw the values of the
noise. We test with different values of standard deviation to
study accuracies with different noise levels.

As described before, the samples consist of three values
(contact times), where one of them is 0, this value indicates
the moment when the first finger’s end-effector makes con-
tact with the object. The contact time of the two other fin-
gers is computed relative to this value. For each sample, the
normally distributed noise is added independently to each
contact time value. The noise can be negative, but we prefer
to deal with non-negative times and maintain our zero refer-
ence. To maintain this zero reference in each set of 3-time
samples, the following methodology is applied: once we
have applied the noise, We take the lowest value of each set
and subtract it from all three values of that set. If that value
is negative, a positive offset is applied to the entire set, how-
ever, if that value is positive, a negative offset is applied to
the entire set. In this way, we can guarantee that despite the
noise added to the samples, there is always a contact time
with a zero value (reference) and the rest are non-negative.

These noisy samples are a combination of the virtual
samples and the commonly occurring sensor noise in actual
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Fig. 9 Bayesian XGBoost clas-
sifier’s confusion matrix with 10
samples (90.7% accuracy)

Bayesian XGBoost Confusion Matrix (90.7% accuracy - 10 samples)

1.0
bowl 0 0 0 0 0 0 0 0
camera 001
0.8
dip 0
fork 0
g 06
= hammer 0
s}
©
= Mmouse 0
< 0.4
ScCissors 0
spoon 0
-0.2
watch 0
wine 0 0 0
-0.0

bowl camera dip fork hammermousescissors spoon watch wine
Predicted object

robots. As such, by utilizing these samples as test cases, we 6.2 Noise results
are able to test the performance of the capture system in a
non-ideal scenario that is closer to a real-world environment. ~ We consider the signal-to-noise ratio (SNR) measure in this

Fig. 10 Signal-to-noise ratio of
each stimulus versus Gaussian
noise added and quantified with
its standard deviation
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study. Figure 10 shows the relationship between the SNR
of each object (where the signal is the sum of all the time
samples for one stimulus) and the noise level as a function
of the standard deviation.

—— bowl
——— camera

—— Gl
—— fork
—— hammer
—— mouse

10"

—— scissors
—— spoon
watch
wine

SNR

10

10

0 5 10 15 20 25
Standard Deviation (ms)
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Noise does not affect all objects equally. We can observe
in Fig. 10 that the SNR of the ’watch’ is much higher than
the one of the 'mouse’. This is because although both are
subjected to the same noise, the mouse samples have smaller
values than the watch. This difference in the SNR between
objects has a reflection on the accuracy of each object inde-
pendently, so we will consider the mean SNR to interpret the
classifier’s performance results.

To compare the performance of the ideal system pre-
sented with the results of testing this system with noise,
we evaluated the accuracies obtained by testing with 10
samples.

Figures 11 and 12 exhibit the relationship between the
individual and global accuracy of our system classifying
with XGBoost and the standard deviation of the noise meas-
ured in ms. Actual data (blue) represents the current results
obtained as output from the classifier and the filtered data
(green) is the result of applying a Savitzky-Golay filter to the
actual data to provide a clearer representation of the results.

The accuracy obtained with the virtual system shown in
Fig. 9 was 90.7%, whereas Fig. 12 shows an accuracy of
higher than 82% with an addition of a Gaussian Noise with
a standard deviation of 5 ms. Figure 13 shows the confu-
sion matrix for our model with 5 ms and can be compared
with Fig. 9. This corresponds to the 10 ms of disturbance
margin in which our system will still be able to recognize
the stimuli.

The main cause of disturbances in the real world is the
sensitivity and noise produced by the electronic components
used to capture samples, specifically the sensors. These com-
ponents exhibit errors well below 10 ms, which makes our
system viable in a real robotic environment.

7 Conclusions

The capture system and the algorithms proposed in this
work allow us to recognize everyday objects that we have
obtained from the Shapenet data set. With only 10 test sam-
ples, the XGBoost algorithm achieves 91% mean accuracy.
These results are comparable to other state-of-the-art works
and in particular, those that use the same data set (Hogan
et al. 2021). These results allow us to consider the proposed
model as a viable option to be implemented in a real robot.

A key point in analyzing the robustness of the proposed
capture system is noise analysis. Figure 12 shows the rela-
tionship between noise and accuracy. It is interesting to see
how a real system that captures data with an error below

10ms will keep the accuracy above 80%. This is a more than
acceptable error for the current state of sensor electronics.

Local data-based haptic capture systems have the advan-
tage that the captured samples are independent of the robotic
reference system used during capture. However, the dimen-
sionality of the data captured by these systems tends to be
very large. In this work, a haptic capture system has been
presented which extracts very low dimensional data and is
associated with the local characteristics of the object (curva-
ture). Unlike other previous implementations (Garrofé et al.
2021; Yuan et al. 2017) where the contact sensors must be
oriented orthogonally to the surface of the object, in this
work, in a more realistic way, the three fingers of the end-
effector can approach the object at any angle and from any
direction, this allows us to simply point to the object and
head towards it to capture a sample.

Thus, this work has shown that the proposed capture sys-
tem and recognition algorithms are viable options for future
implementation. In addition, capturing training data with a
virtual system would save a huge amount of time that would
not be possible under other conditions. It is therefore neces-
sary to adapt the data of the virtual model to the real world
but this should not be a problem as the curvature is invariant
under scale transformations.

In this paper, we have studied one of the possible appli-
cations of our capture system which is the recognition of
everyday objects. Nonetheless, the proposed system could
go further and also be used for the classification or the 3D
reconstruction of objects. Currently, the haptic capture sys-
tem only collects data related to curvature, without other
tags. In order to reconstruct the object in 3D, it would be
necessary to assign to each of the samples obtained the ori-
entation with which they were taken, i.e. the orientation of
the end-effector with respect to the object. Our capture sys-
tem takes this data, although it was not used in this work.

Beyond 3D reconstruction, the inclusion of the orienta-
tion in which the samples were taken could help overcome
some of the limitations of our system, especially in cases of
disambiguation. For example, in Fig. 6, where the curva-
ture-based haptic descriptors are shown, the first case cor-
responds to a pair of scissors, but it is clear that many very
different geometries could have a similar descriptor profile.
Labeling the samples according to orientation would extend
the dimension of the haptic descriptor and allow a better
geometric understanding of the explored object.

Another possible future research direction is the applica-
tion of this haptic capture system in a multimodal context
(haptic and visual) or even cross-modal. The development
of a visual capture system, also based on curvatures, could
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Fig. 11 Individual accuracy obtained from XGBoost classification with 10 test samples and Gaussian noise added
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enable the exchange of information between modalities, as
is the case with humans (Tabrik et al. 2021).

Based on our findings, the construction of a real three-
finger end-effector and the linking of its capture data to the
virtual model proposed in this paper becomes the most rele-
vant and immediate challenge. In the context of the captured
data, an in-depth study of possible alternatives to the pro-
posed learning algorithm can lead to even better accuracies.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s41315-024-00402-6.
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