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Tactile Object Recognition With Recurrent Neural
Networks Through a Perceptive Soft Gripper

Enrico Donato

Abstract—Soft robot perception integrates information from
distributed, multi-modal sensors, broadening their application to
active interaction. Our work introduces recurrent learning models
for tactile-based object recognition, demonstrating comparable
performance in virtual and real-world scenarios. The work focuses
on soft grippers, which facilitate adaptation to objects of varying
shapes and sizes thanks to passive finger compliance. Our model
successfully identifies over sixteen heterogeneous objects. Findings
underscore the significance of sensory multi-modality over single.
We highlight how spatial distribution and sensory signal dynamics
influence overall estimation accuracy, and what the minimal grasp
set is to achieve certain recognition.

Index Terms—Tactile sensing, multi-modal integration, object
recognition, soft gripper.

1. INTRODUCTION

NLOCKING robot potential resides in developing an ef-

ficient representation of themselves and the surrounding
environment [1]. By mastering data manipulation and overcom-
ing multi-modal sensory fusion, robots can achieve perceptual
awareness. It provides a comprehensive representation of the
experience, derived from coordinating multiple sources and
characterized by completeness and coherence. Such a state ren-
ders awareness reliable for closing the control loop or devising
perceptive-aware strategies [2].

Perceptual awareness is pivotal while acting on the world,
as the robot embodiment shapes the sensory feedback. This is
particularly the case of soft robots, which incorporate compliant
components to enhance versatility for interaction [3]. These
components enable passive adaptability to the external world,
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Fig. 1. Tactile object recognition with a multi-modal sensing soft gripper,
featuring a dual-stage, learning-based algorithm for object classification.

leveraging the deformable nature of the materials used in fab-
rication. Our focus is on soft grippers [4], whose body compli-
ance is at finger level. Previous research has explored various
design options and their practical applications for manipulation
tasks, including object holding [5], grasping [6], and in-hand
manipulation [7]. However, robot control rises as a significant
challenge [8], induced by the abundance of passive degrees of
freedom and undesired deformations. Integrating onboard sens-
ing capabilities is crucial in enhancing task performance by en-
abling informed decision-making [9]. Sensors provide valuable
feedback to drive actions, assess grasp stability [10] or inform
further decision schemes, as per object classification [11].

In this work, we leverage multi-modal information by in-
tegrating proprioceptive (finger curvature) and exteroceptive
sensing (contact pressure) on a commercial soft gripper. More-
over, our computational design evaluation of different sensor
configurations demonstrates how an optimal sensor layout can
be determined, balancing performance with system complexity.
We propose a tactile-driven learning algorithm for object recog-
nition using a sensorized soft gripper, shown in Fig. 1, whose
feedback incorporates proprioception - finger bending - and
contact state measurement. The algorithm is implemented using
a two-stage architecture and tested on sixteen diverse objects.
It first classifies the shape and size of the object, to later boost
tactile information to classify the grasped object with higher
accuracy in a second stage. Additionally, a single object grasp
does not guarantee correct recognition, therefore consecutive
grasps of the same object are considered to improve confidence.
Our key contributions are:

® a novel dual-stage LSTM-based framework for multi-

modal object recognition with a soft robotic gripper;

® a computational design methodology to identify the sen-

sory spatial placement that bolsters object recognition;

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
https://creativecommons.org/licenses/by/4.0/

©2026 IEEE



7024

® an iterative classification algorithm that leverages experi-

ence to bolster object recognition over time;

e experimental and simulation results that validate the ro-

bustness and effectiveness of our approach.

We will first outline the object recognition algorithm and
its training strategy in Section III, also introducing baseline
models for performance comparison. The dataset-gathering pro-
cess is detailed in Section IV, on both simulated and physical
scenarios. Results reported in Section V support explanations
on how multi-modal sensing enhances object classification, the
significance of temporal dependence in tactile information, and
the estimation of the minimal training set required for optimal
network performance.

II. RELATED WORKS

A. Soft Robot Perception for Interaction

Robot sensing encompasses the collection of both extero-
ceptive and proprioceptive information [12], also by relying on
asynchronous experiences [13]. Transitioning from traditional to
soft-bodied robots necessitates a reevaluation of sensor design
due to the absence of rigid bodies. This evolution requires shift-
ing from discrete to continuous information along the body [14].
Implementing sensors capable of addressing deformations of
soft robots remains a challenge.

Our emphasis lies on tactile sensing, encompassing both
kinesthetic feedback and localized contact measurement [15].
Regarding proprioceptive feedback, soft sensors can measure
bending or axial deformations, with recent advancements en-
abling the detection of twisting [16]. Various solutions exist for
contact sensing, leveraging a broad spectrum of technologies
for signal transduction [17], thereby providing information on
localized contact pressures or forces.

Control algorithms derive significant advantages from robot
perception of its surroundings, paving the way for the devel-
opment of sensorimotor controllers [2] aimed at enhancing
task adaptability, robustness and stability. Indeed, soft robot
perception is exploited for robot shape regulation and recon-
struction [18], object detection and obstacle avoidance [19],
autonomous learning to navigate the environment or learning-
from-demonstration by human operators [20].

B. Tactile Object Recognition

Object recognition involves determining the most probable
class to which an object belongs by leveraging global features
estimation [21]. Objects can differ in several characteristics,
making recognition a hard challenge. These characteristics en-
compass: shape - either regular or irregular - deformability,
indicating the extent to which shape changes under applied
load, and size. We focus our analysis on rigid objects that differ
solely in shape and size. Additionally, object pose can hinder
recognition if not experienced.

We focus on blind object recognition, exclusively relying on
tactile sensing. Discussions on human tactile sensing highlight
how spatio-temporal patterns of neuromorphic tactile signals
can discriminate shape and size, with both active and reactive
grasping strategies [22]. Further implementations have utilized
Gaussian process classification for sparse data [23], covariance
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matrix estimation of tactile array signals [24], and CNN-Bayes
classifiers on soft grippers [25]. However, these methods are
limited to regular objects.

Tactile sensors generally perceive only local information,
prompting recognition through multiple grasps. This process
can be achieved through surface sliding [26] or by integrat-
ing different tactile descriptors over time using Bayesian pro-
cesses [27]. Dynamic exploratory procedures have demonstrated
superiority over single-touch recognition [28], driving research
towards consecutive multi-grasp object recognition. Our al-
gorithm stands out for simultaneously exploiting multi-modal
soft tactile sensing, enhancing mid-stage knowledge to improve
recognition accuracy of diverse everyday objects.

III. TACTILE OBJECT RECOGNITION LEARNING ALGORITHM

We propose a custom Long Short-Term Memory (LSTM)-
based learning architecture as a model for tactile object recog-
nition. This selection underscores the significance of temporal
correlation in tactile perception, given the LSTM capability to
retain state information across extended time intervals. When
integrated with spatial sensory distribution, it enhances per-
formance in sensing pattern classification. The novelty of our
model lies in the pipeline devised for object recognition and
the utilization of multi-modal sensing. Initially, it categorizes
objects based on generic properties such as dimension and
shape. Subsequently, it identifies the object class by exploiting
such prior and the original tactile information. The intermediate
output enriches the information fed to the final stage, thereby
enhancing object discrimination and increasing classification
accuracy. The system operates with a commercially available
pneumatic soft gripper equipped with multi-modal off-the-shelf
sensors. While the use case focuses on this specific hardware
setup, the algorithm can be adapted to other grippers.

The Dual-Stage LSTM (DS-LSTM) in Fig. 2(b) is realised as a
sequence of two macro-layers, as depicted in Fig. 2(a). The initial
model aims to classify the dimension and shape of the object
based on tactile sensing data. The second model, benefiting from
a skip connection from the input, continues to process tactile data
while also receiving the first stage classification to predict the
actual class of the grasped object. To align with the information
flow, the model undergoes training in two sequential stages.

The architecture of each LSTM network was informed by
an assessment of the model proposed by [29]. Their findings
suggested that object classification could benefit from a 4-layer
network, incorporating a LSTM layer alongside dropout and
fully connected layers. To enhance accuracy, a novel 5-layer
architecture was identified through model selection. This new
design includes an additional fully connected layer between
LSTM and dropout, along with an increased number of units
per layer - and the dropout probability is reduced.

To bolster confidence in object classification, an enhanced
variant of the model is implemented to ensure that classification
confidence exceeds a predefined threshold. In this scenario, fol-
lowing the analysis of an initial grasp, the model would output a
discrete probability density distribution indicating the likelihood
of an object belonging to various classes. The recognition pro-
cess terminates if any of these probabilities surpass the threshold.
Otherwise, another recognition loop ensues, leveraging the last
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Fig. 2.

Tactile object recognition algorithm. (a) Macro-layers utilized in the learning architecture. The Recurrent Macro-Layer and PMF Recurrent Macro-Layer

output feature classification as one-hot encoding or Probability Mass Function. (b) Dual-Stage LSTM. Sequential training phases of both stages are outlined, along
with the object recognition algorithm. (c) Iterative Dual-Stage LSTM. The first stage training phase mirrors that of the Dual-Stage LSTM, while the second stage
employs a modified training methodology leveraging the probabilistic object recognition algorithm. The iterative object recognition algorithm is also illustrated.

probability estimation and the latest sensing sample. This refined
approach leads the implementation of the Iterative Dual-Stage
LSTM (iDS-LSTM), as in Fig. 2(c), which diverges from the
DS-LSTM architecture primarily in terms of the final output and
the inclusion of a recurrent connection from the final layer to the
mid-stage. Similar to the DS-LSTM, the training of iDS-LSTM
unfolds in two sequential stages. One-hot encoding is adopted
to learn the distribution of objects class. The training of the
network poses a challenge, as it necessitates a mock DS-LSTM
architecture that learns the distribution instead of simple object
classification. This architecture will be utilized solely during
training to generate the input distribution of the previous grasp
to the second part of the iDS-LSTM network.

A. Evaluation and Benchmarking

The performance of the DS-LSTM is benchmarked against
other algorithms to provide a comparative analysis. Various
machine learning classification algorithms are categorized into
single or ensemble learning models for evaluation. The single
model group [30], [31], [32], [33] includes Decision Tree (DT),
K-Nearest Neighbors (KNN), Support Vector Machines (SVM),
and basic LSTM. Ensemble models [34], [35], [36] include
Random Forest (RF), Bagged Tree (BT), Gradient Boosting
Classifier (GBC), and RUS Boosted Tree (RUSBT).

Each algorithm will undergo evaluation based on metrics
such as macro-accuracy and -fI-score, considering the balanced
nature of the dataset. Accuracy measures the proportion of
correctly classified cases out of the total number of objects in
the dataset. Precision and recall respectively gauge the fraction
of instances correctly classified as belonging to a specific class
out of all instances the model predicted to belong to that class,
and out of all the actual instances in that class. The F1-score
represents the harmonic mean of a classification system

precision and recall. High values of these metrics indicate good
performance.

IV. EXPERIMENTAL SETUP

The learning dataset is gathered both in silico and on a
physical soft gripper. The simulation has been implemented in
SoMo [37], replicating the two-finger soft gripper and gathering
sensing information regarding finger curvature and pressure
contacts. The testin silico allows for the testing of a wide number
of sensorizations of the gripper, focusing on multi-modality and
variable spatial patterns. Similar objects have been tested for
recognition in both scenarios.

A. Virtual Scenario

Each finger of the soft gripper is represented as a Manipulator
class entity in SoMo, modeled as planar chains of N spring-
loaded rotational joints. The choice for N balances the spatial
discretization of the compliant body with the analytical model
complexity. We set N = 10 to ensure continuous discretization,
yet limiting the computational load.

Experimental objects, depicted in Fig. 3(a), are loaded into
the environment using their URDF representation. They are
categorized by size (tiny, large) and approximated shape (cubic,
cylindrical, spherical). To gather a comprehensive dataset, object
poses were randomized in terms of both position and orientation
relative to the gripper. This strategy ensures that the system is
exposed to a large set of tactile signatures, preventing over-
reliance on a specific grasp configuration. We recorded 40-55
trials/object.

For gripper control, we implement hard-coded strategies for
closing and releasing, to enable object grasping and release at
the same position. The simulation loop runs for a fixed duration
T = 4s, with an actuation frequency f, = 10 Hzand a sampling
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Experimental setup in virtual and physical scenarios. (a) Two-finger soft gripper simulation in SoMo [37], collecting tactile information from various

simulated objects. Spatial patterns of curvature and contact sensors are reported. (b) Sensorized pneumatic gripper equipped with curvature and contact sensors.
The sampling electronics is reported, along with the actuation pattern for gripper closing and opening; sensory sampling is performed after the actuation transient

to gather more static data.

frequency fs; = 75 Hz. At each time step, a commanded torque
is applied to the fingers’ joints, and sensing information for
each finger is stored in a database, including: (a) the state g of
proximal, medial, and distal joints, along with their coordinates
x,y, z in the world reference frame; (b) if the finger is in contact
with the object, the J normal forces f; ;, where i € [0, I], exerted
by the object on the finger joint j are stored, concerning contact
location and force magnitude.

1) Sensing Simulation: The data initially obtained from the
simulation loop are not directly usable for learning models, so
they need post-processing. The goal is to mimic sensor outputs
for object recognition algorithms.

Concerning proprioception, we aim to monitor finger cur-
vature throughout the simulation loop. At each time step, we
interpolate the pose of tracked joints for each finger along a
circular curve, computing its radius r. The curvature k of the
finger is then estimated as the inverse of the radius: k = 1/r.
We consider discretizing the curvature along the finger, perhaps
opting for two consecutive sensors to track changes in the
proximal and distal parts of the finger. We employ a similar
approach for curvature estimation using pairs of consecutive
joints, leveraging q for curve fitting.

For exteroception, we simulate pressure sensors. For each
finger joint j, we compute the area A; representing the convex
hull of contact points on the respective segment, along with
the total force magnitude F; = Zf:o fj,i on the same segment.
The simulated pressure P; sensed by a sensor is then computed
as P; = F;/A;. If longer pressure sensors covering multiple
consecutive segments are desired, we replicate the computation
while considering all the forces belonging to the chosen seg-
ments.

Tactile sensing is provided by combining kinaesthetic and
contact information. We evaluate different spatial patterns
of sensor placement during simulation experiments, as re-
ported in Fig. 3(a), varying the spatial discretization of the

information. Specifically, we explore all combinations of the
following proprioceptive and exteroceptive patterns: curvature
sensors tracking either the entire finger evolution or disjoint
proximal and distal sections; pressure sensors measuring in-
formation at a single joint level, in pairs, as proximal and
distal sections, or for the entire finger. We have trained learning
algorithms to identify the minimal sensor configuration ensuring
good performance, which could serve as a reference for physical
sensorization.

B. Physical Scenario

The experimental setup in Fig. 3(b) comprises a SoftGripping
parallel soft gripper [38] and custom finger sensorization, mir-
roring the simplest case in the virtual scenario. Thanks to its
modular design, components can be easily substituted in case
of damage. The gripper, mounted on a custom frame, operates
within a pressure range of 0 to 1.5 bar, enabling varying degrees
of finger movement. A control box simultaneously actuates both
fingers at 0.05 bar steps.

The simulation-based sensorization analysis serves as a
blueprint for integrating physical gripper sensors. Specifically,
off-the-shelf bending and pressure resistive sensors have been
integrated onboard. For proprioception, a Flexible Potentiometer
(Spectra Symbol FS-L-0055-253-ST) measures finger deflec-
tion. It utilizes conductive ink on a phenolic resin substrate, with
a segmented conductor forming a flexible potentiometer. Bend-
ing stretches the conductive layer, increasing resistance while
straightening returns it to normal. For exteroception, a Force
Sensing Resistor (Ohmite FSRO7CE) gauges contact pressure on
the sensor surface. Increased pressure enhances contact between
carbon elements and conductive traces, thus reducing resistance.

Since both sensors function as variable resistors to different
physical stimuli, their information can be captured by employ-
ing a voltage divider circuit. The voltage at terminals changes
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Fig. 4. (a) Tactile signatures for objects with different properties. (b) Examples of grasp configurations around physical objects.

according to their resistance, correlating with stimuli. To facili-
tate this, a sensing box is designed featuring an Arduino Due for
data collection at fs = 50 Hz and electric circuits for voltage di-
viders. After estimating the respective resistance values, sensors
undergo characterization to establish relationships with physical
stimuli. Specifically, the bending sensor is characterized while
varying the finger angle from ©,,,;, = 0 deg relative to the palm
attachment angle to ©,,x = 90 deg, demonstrating a linear rela-
tionship. Conversely, the pressure sensor is characterized against
known weights P, ranging from P;, = 0kgto Phax = 0.5kg,
revealing a nonlinear characterization curve.

V. RESULTS

This section illustrates the experimental results from both
virtual and physical scenarios. Initially, a task-driven approach
is employed to evaluate soft gripper sensorization in simulation,
aiming to correlate different sensing patterns with recognition
accuracy. The objective is to identify sensorization patterns
that offer optimal performance while minimizing onboard sen-
sory load. Furthermore, the enhancement in class discrimi-
nation achieved through sensory multi-modality is evaluated.
The most effective sensorization pattern is selected to assess
the DS-LSTM model in both scenarios and benchmark the
algorithm against other classification algorithms. Additionally,
attention is directed towards determining the minimal training
set required for the learning system to maintain performance
without degradation. Lastly, the application of iDS-LSTM is
demonstrated, highlighting the gains from consecutive grasps
object recognition.

A. Raw Tactile Sensing

Tactile data analysis provides helpful insights into the discrim-
ination of tactile events and the dependencies of signals on ob-
jects properties. Fig. 4(a) showcases the evolution of kinaesthetic
and contact sensing over time for objects of varying shapes and
sizes. The pre-shaping phase starts when the bending angle of the
deformable finger starts to deviate from its initial value. During
this phase, the contact signal remains consistently low, and the
bending angle continues to increase until contact is established.
For objects with a rounded shape, such as cylindrical or spherical
forms, the bending reaches a steady state correlated with the

object curvature. In contrast, for objects with a flat surface, the
finger cannot conform to the shape, causing the bending angle to
increase linearly even after contact is made. Regarding contact
pressure, the signal saturates after few iterations following the
contact event. The onset of contact pressure marks the beginning
of the contact phase, which, after initial saturation, stabilizes
at a high steady value due to object stiffness. The iteration
at which contact occurs is correlated to the object size, with
larger objects leading to earlier contact. Thus, tactile information
provides essential insights for object identification, emphasizing
multi-modal signals and temporal pattern analysis - arising from
different configuration, as the ones depicted in Fig. 4(b).

B. Task-Driven Soft Gripper Sensorization

The sensory patterns proposed in Section IV-A1 have been
implemented on the virtual soft gripper. Each pattern is individ-
ually employed in the task, and the gathered data are used to
train the Recurrent Macro-Layer in Fig. 2(a). Model accuracy is
benchmarked against the network by [29].

Examining Fig. 5(a), the highest accuracy is observed with
configurations C1 to C3. Oversensorization proposed in con-
figurations C4 to C6 is deemed uninformative for this task.
Since most objects primarily contact the distal finger section
without significantly altering the finger shape, fewer sensorized
segments suffice. Among the top-performing configurations,
the variance in performance is minimal. Opting for simplicity
without compromising performance, configuration C1 emerges
as a suitable compromise between resource demand and per-
formance. In addition, Fig. 5(b) showcases the performance of
the model due to different patterns for single modalities, high-
lighting the performance loss due to the absence of fundamental
information and its fusion.

It is worth assessing the advantage of multi-modality sensing
over single. The model is trained to recognize objects using
either kinaesthetic and pressure sensors alone or both. Fig. 5(c)
shows that the fusion of both sensory modalities yields superior
performance in accuracy and F1-score, highlighting the advan-
tages of leveraging multiple sources of sensory information.
It happens both in virtual and physical scenarios, despite a
lower performance in the latter due to signal noise and sensor
placement.
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while reducing the number of grasps in the training set.

Fig. 5(d) shows a misclassification among specific object
classes. We attribute these errors to objects with similar shapes
and sizes - e.g., jenga and small cube, tomato and lemon. They
inherently generate similar tactile cues, reducing the discrimi-
native power of the current sensor configuration. Classification
ambiguities can be mitigated by consecutive grasps of same
objects.

C. Dual-Stage LSTM Model Evaluation and Benchmarking

The DS-LSTM model must undergo a dual-stage training
phase. To do so, the grasp dataset recorded for each object is split
into 40% for first-stage training and 40% for its testing. After the
first-stage training, the same data exploited for its testing will be
used as training data for the second stage, while the remaining
20% is the test set.

Results for the recognition of object size and shape are
illustrated in Fig. 6(a), yielding a Fl-score of 0.90 and 0.81,
respectively. In terms of object recognition informed by its
properties, sensor data were initially combined solely with size
or shape information to demonstrate performance improvement
when both pieces of information are provided simultaneously,
as depicted in Fig. 6(b).

Given the time-consuming nature of dataset gathering, partic-
ularly in the physical scenario due to variations in object pose
across runs, the aim is to determine the minimum number of
grasps required for training with minimal performance degrada-
tion. To this end, we considered four training sets with increasing
number of grasps per object, while maintaining the dataset split
strategy. As illustrated in Fig. 6(c), a smaller number of grasps
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Fig. 7. Comparison of classification performance with single model ap-

proaches and ensemble methods. The proposed DS-LSTM model demonstrates
superior performance in terms of macro-accuracy and F1-score.

leads to inferior results. However, as we transition towards
more densely populated datasets, the impact on performance
becomes less pronounced. Furthermore, the DS-LSTM model
consistently outperforms other models across all cases, while
remaining comparable to ensemble methods.

D. Comparative Analysis of Classification Methods

The DS-LSTM model demonstrates superior performance
compared to other single models and ensemble methods for
classification. As depicted in Fig. 7, our model exhibits the
highest performance, albeit comparable to RUSBT. This archi-
tecture proves effective, particularly in classifying imbalanced
data, where certain classes in the training data may have fewer
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instances than others. Additionally, GBC shows promising re-
sults, likely attributed to its utilization of time correlation akin to
LSTM. Anyway, ensemble methods demand higher spatial and
temporal complexity, requiring multiple single models to run
concurrently. Overall, the fusion of temporal and spatial infor-
mation has yielded substantial benefits and notably improved
results, especially when compared with single classification
models.

E. Iterative DS-LSTM Model

In line with the simple model, the iDS-LSTM model under-
goes a dual-stage training phase. The dataset is structured to
encompass consecutive grasps on the same object exclusively.
The model is trained using the same policy as the DS-LSTM
algorithm during the first stage. However, the mock DS-LSTM
is employed during the second stage to generate the probabil-
ity density distribution of previous grasps. Consequently, the
dataset is organized as pairs of prior and current grasps of the
same object.

Despite achieving a high level of accuracy in object recogni-
tion during the first step, Fig. 8 demonstrates the improvement in
objectrecognition accuracy and F1-score over successive grasps.
A steady performance is reached after three or four consecutive
grasps, thus additional grasps might not be influential to iterative
object classification.

VI. DISCUSSION

The experimental results provide compelling evidence of the
impact of the DS-LSTM for tactile object recognition. Our
model surpasses other classification algorithms in terms of accu-
racy and precision, exhibiting capabilities on par with ensemble
methods yet with higher computational efficiency.

We propose a methodology to identify minimal, task-specific
soft gripper sensorization, enabling evaluation of the simplest
sensing pattern that still ensures acceptable performance. This
knowledge is crucial, particularly in the physical implementation
of gripper sensorization, where bulky sampling hardware may
burden the robotic system. Moreover, the randomized object
pose during training ensures that no single grasp configuration
dominates the performance. Additionally, objects with similar
geometry may yield similar tactile signatures, leading to classi-
fication ambiguities. While our iterative approach compensates
for such variations over successive grasps, the interpretability
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of such tactile information remains an interesting subject for
further investigation.

Given the dynamic nature of interactions with a compliant
body, the task cannot be adequately approximated as a sequence
of static events. Incorporating temporal correlation of sensory
information allows for capturing the evolution of tactile signals
over time. Indeed, temporal cues aid in discovering multi-modal
temporal patterns that enhance the model ability to discriminate
and track contact events. Furthermore, the benefits of sensory
multi-modality for the task are demonstrated. The fusion of
information from multiple sources enhances object classification
performance, underscoring the importance of leveraging both
kinaesthetic and contact sensing to provide a comprehensive
perceptual state of the finger during interaction with the object.
While model performance is comparable in simulation and the
physical case, real-world applications exhibit lower accuracy
due to signal noise and relative sensors motion.

Concerning robot deployability, the proposed framework was
developed and validated using a specific commercial soft gripper
with bending and pressure sensors. However, the architecture
and the iterative classification strategy are not inherently tied to
this particular hardware configuration. In principle, the approach
is generalizable to other soft robotic grippers and alternative
sensing modalities. Sensor characteristics like resolution, noise,
and spatial arrangement can influence absolute performance
metrics. Nevertheless, the core approach of fusing multi-modal
tactile data and utilizing temporal correlations is still widely
applicable with proper calibration and tuning. Specifically to our
study, the sensor calibration served as an initial quality control
measure, but generic sensor performance might change and be
affected by drifts. So, incorporating an intermediate dynamic
calibration in future implementations could help mitigate any
gradual variations in sensor characteristics, thereby allowing the
classification model to remain unchanged.

Finally, the implementation of the iterative tactile object
recognition enables the robotic agent to estimate the confidence
during object classification. It facilitates improving classifica-
tion accuracy by providing novel information over time when
the current estimation is deemed poor. Such capability is crucial
for blind tactile object recognition, where some grasps may not
be informative due to incorrect relative positioning between
the gripper and the object, resulting in uninformative sensory
signals.

VII. CONCLUSION AND FUTURE WORKS

This work presents a learning-based algorithm for tactile
object recognition implemented on a soft gripper. It integrates
multi-modal sensors to gather data during object grasping in
both simulation and physical implementations. A novel LSTM-
based architecture is devised for dual-stage recognition, initially
identifying object properties and subsequently determining the
object class. This architecture effectively merges multi-modal
sensing, yielding more precise and accurate results than other
classification algorithms.

Its generalizability offers promising opportunities for future
implementations in a variety of application domains. However,
despite its competitive performance, our framework has revealed
that sensor resolution is a critical factor influencing the system
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accuracy. The integration of higher-resolution tactile sensors and
an improved sensor placement will be a key focus in our future
work.

Future improvements of the algorithm include implementing
a strategy for self-detection of novel grasped objects, potentially
shifting towards unsupervised learning. Additionally, enhanced
discrimination between objects could be achieved by incorpo-
rating additional sensory modalities. We plan also to investigate
the effect of dynamic interactions, by observing how controlled
shaking motions could generate additional tactile cues. They
might capture subtle variations in object properties that are
not evident from static measurements. Lastly, active percep-
tion could be implemented to enhance performance and reduce
time complexity, enabling efficient sampling by informed action
selection.
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