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Multimodal haptic object recognition: Can
Kinesthetic inference compensate for the lack of
tactile sensing resolution?
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Abstract— Haptic perception arises from the
integration of cutaneous and kinesthetic cues,
yet achieving human-level tactile performance
in robotic systems remains technically de-
manding and economically costly. This raises a
fundamental question: how much does spatial
resolution truly matter for robotic touch, and
can kinesthetic inference compensate when
tactile resolution is limited? To investigate this,
we conduct a study on haptic object recog-
nition using an underactuated, sensorized
gripper equipped with a high-resolution tac-
tile array and joint angle sensors. We eval-
uate a dataset of 36 objects collected under
a squeeze-and-release exploratory procedure
(EP). Tactile sequences are downsampled to
four resolutions (100%, 75%, 50%, and 25%)
using bicubic interpolation, and ConvLSTM-
based models are trained to quantify accu-
racy degradation as spatial detail decreases.
We then use two fusion strategies from our
previous work: Bayesian inference and neural-
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based inference, which combine tactile and kinesthetic modalities, and assess whether kinesthetic cues can offset the
loss of tactile precision. The results quantify the performance drop as tactile resolution decreases and uncover promising
evidence that multimodal fusion can partially recover this lost capability. Interestingly, the two fusion methods exhibit
distinct behaviors in terms of robustness and consistency. As discussed comprehensively in the manuscript, these
findings suggest that, under the right conditions, reliable object recognition may not depend solely on maintaining high
tactile resolution, opening new possibilities for designing more scalable and cost-efficient haptic perception systems.

Index Terms— Deep learning in grasping and manipulation, haptic object recognition, multimodal haptic perception,

tactile sensing.

[. INTRODUCTION

UMAN skin is the largest organ of the body and a

vital interface with the external world, enabling touch
sensations through cutaneous mechanoreceptors [1]. Thanks
to the sense of touch, we can perceive pressure, vibration,
temperature, and other tactile information. However, spatial
tactile resolution is not uniformly distributed across the body:
regions such as the fingertips and lips exhibit considerably
higher resolution than areas such as the forearms or the back.
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This heterogeneity is well known and has been historically
assessed in several studies [2], [3].

Cutaneous information alone, however, may not be enough
for many day-to-day tasks. Kinesthetic (proprioceptive) sig-
nals—arising from receptors in muscles, tendons, joints, and
skin—encode limb position and effort and are essential for
achieving skilled interaction and control. Haptic perception
is conventionally defined as the integration of cutaneous and
kinesthetic inputs within active exploration, which supports
robust recognition of object properties [4].

The importance of touch sense extends to robotics as well.
Endowing robots with similar tactile capabilities to humans
has long been recognized as a key step toward dexterous and
adaptive manipulation [5], [6]. As in humans, robots benefit
from both “cutaneous” information—distributed tactile sensing
on robotic artificial skins that contact the environment—

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



This article has been accepted for publication in IEEE Sensors Journal. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JSEN.2026.3684076

and “kinesthetic” information—joint position, velocity, and
torque/force signals. Kinesthetic sensing has been standard
practice in robotics since the field’s early days, typically via
joint encoders and, more recently, torque/force measurement
devices [7]. By contrast, large-area, high-resolution tactile
skins (also known as e-skins) remain far less common, es-
pecially outside laboratories [8]. Despite decades of progress,
broad deployment is hindered by complexity and cost, par-
ticularly when covering extended surfaces at high spatial
resolutions, which pose challenges for sensor density, wiring,
robustness, and real-time computation [9].

Prior work has shown that fusing tactile and kinesthetic
information can considerably improve robotic perception [10].
In our previous work [11], we explored how the fusion of
these two types of information improves performance in an
object recognition task using a robotic gripper. Building on
this line of research, we investigate two fundamental questions:
i) How critical is high spatial tactile resolution for robust
performance? ii) To what extent can kinesthetic information
compensate for low tactile resolution? Providing universal an-
swers to these questions is complex because outcomes depend
on multiple factors: the types of tactile and kinesthetic sensors,
the fusion algorithms, and the target application, among others.
Nevertheless, to the best of our knowledge, no studies have
quantified the performance trade-off between tactile spatial
resolution and kinesthetic compensation in robotic object
recognition.

Hence, this article presents an experimental study focused
on a specific yet representative task: haptic object recognition
using both tactile and kinesthetic information. Within this
framework, the contributions of this work are the following:

o A quantification of the performance impact of vary-
ing tactile spatial resolution, including a comprehensive
evaluation of the impact of tactile resolution on object
recognition performance across a diverse dataset.

« An experimental evaluation on the capacity of kinesthetic
information to recover performance when tactile resolu-
tion is deliberately reduced.

e A detailed discussion on the trade-off between tactile
resolution and kinesthetic information fusion, aiming to
provide empirical insights and to support further design
choices for scalable, cost-effective tactile systems in
robotics.

Il. RELATED WORKS

Over the past decade, tactile sensors have been successfully
applied in a wide range of robotic domains. In healthcare,
tactile sensing has been used in assistive and rehabilitation
robots [12] and to support minimally invasive surgery [13].
In the food industry, tactile arrays have been used for a
wide variety of applications, including non-destructive quality
control, sorting, and gentle handling [14], [15]. In search-and-
rescue scenarios, tactile-equipped robots have demonstrated
the ability to perform human-robot physical interaction with
increased safety [16]. Nevertheless, this work does not focus
on any particular application but rather on the challenge of
tactile object recognition, with a special emphasis on mul-
timodal haptic perception approaches. Below is a series of
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works related to these topics that help the reader understand
this article in the context of the current state of the art.

A. Object recognition with grippers

Robotic grippers have emerged as a key platform for in-hand
object recognition, enabling the acquisition of multiple sources
of information during manipulation. Several strategies have
been proposed to identify objects through gripper interactions,
ranging from static tactile measurements [17], [18] to dynamic
exploratory procedures (EPs). Among these, the squeeze-and-
release EP is widely adopted because it provides reliable
cues about stiffness, internal characteristics, and shape while
requiring simple actuation patterns [19]. Other works have
used this procedure, applying controlled forces to the object
with the gripper, capturing both pressure distributions and joint
kinematics over time [11].

Different approaches have been explored to process tactile
data collected by grippers. High-resolution tactile arrays often
produce pressure maps that can be treated as images, enabling
the use of computer vision techniques such as Convolutional
neural networks (CNNs) for classification [20]. More recent
works extend this concept to temporal sequences of tactile im-
ages, leveraging recurrent architectures like Long Short-Term
Memory (LSTMs) neural networks or Convolute-LSTM neural
networks to exploit dynamic patterns during palpation [21].
Similarly, some studies consider video-like representations of
tactile data, where spatio-temporal features are learned for
improved recognition performance [22]. Beyond tactile sens-
ing, gripper-based recognition frequently integrates kinesthetic
information, such as joint angles or actuator positions, to
complement tactile cues.

Gripper design also plays a critical role in recognition
performance. Adaptive and underactuated grippers have been
widely used because their mechanical compliance facilitates
diverse EPs without complex control strategies [23], [24].
Some designs integrate tactile arrays into passive fingers that
adapt to object geometry, improving contact coverage and
data richness [25]. Other works have also explored camera-
based tactile sensors (e.g., GelSight) mounted on gripper
fingertips, enabling high-resolution imaging of surface textures
and deformation patterns [26].

Overall, object recognition with grippers has evolved from
static tactile snapshots to dynamic, image-based and video-
based representations, supported by advances in sensor tech-
nology and deep learning. These developments highlight the
importance of EP design, sensor resolution, and gripper adapt-
ability in achieving robust haptic perception.

B. Multimodal perception

Multimodal perception is a hot topic in robotics. Fusing
complementary signals improves robustness and data effi-
ciency in perception pipelines across various domains (e.g.,
autonomous exploration, locomotion, and localization) [27]-
[30]. Early works combined contact audio (obtained with
a microphone) with vision for dynamic surface discrimina-
tion [31]. Within grasping, recent trends focus on integrating
visual sensing with other modalities in robotic grippers. Most
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Tactile frames of a 3D tactile video of a skate wheel with the different resolutions. From left to right: i) 100% dataset, with 28 x 48 pixels, ii)

75% dataset, with 21 x 36 pixels, iii) 50% dataset, with 14 x 24 pixels, and iv) 25% dataset, with 7 x 12 pixels.

common strategies fuse tactile and visual inputs to classify
objects or surfaces, learning cross-modal features that are more
discriminative than either modality alone [32]-[35]. Other
approaches fuse joint signals with vision to estimate in-hand
object pose [36]. More recent visuo—tactile grippers report
further gains and improved recognition accuracy [37] but
also require extra calibration and computational costs [38].
These methods can be impractical when the visual channel is
degraded by clutter, occlusion, or adverse lighting, motivating
alternatives that rely primarily on haptic information.

While multimodal haptic fusion offers clear advantages for
object recognition, it has been explored in only a small number
of studies. In [39], a recursive tactile sensing framework is de-
veloped to recognize materials using multimodal approaches.
BioTac-based systems identify objects via compliance, texture,
and thermal cues, illustrating the value of multimodal haptics
even with a low resolution tactile sensor [40], [41]. Combining
proprioceptive and tactile features has proved to improve
identification accuracy from few, informative touches [42].
In this sense, kinesthetic-tactile fusion has been utilized by
embedding pressure and 3D contact locations into 4D point
clouds for classification [10]. Gripper-centric designs that
integrate tactile arrays with passive fingers that adapt to
the grasped object also enable recognition under palpation
procedures [43]. A similar approach was considered in [25],
where a gripper with reconfigurable underactuated fingers and
tactile sensing is presented. These works highlight the potential
of combining tactile and kinesthetic modalities, yet the impact
of reduced tactile resolution on such fusion strategies remains
unexplored.

[1l. MATERIALS AND METHODS
A. Robotic Gripper

The experimental setup employs the underactuated, sen-
sorized gripper previously described in [44]. The gripper con-
sists of three fingers: two actuated fingers with two phalanxes
each, and a fixed thumb that integrates a high-resolution tactile
array. The actuated fingers are driven by smart servos and
equipped with joint angle sensors, enabling the acquisition
of kinesthetic information during grasping. The tactile array
embedded in the thumb provides pressure images with 1400
taxels arranged in a 28 x 50 matrix, covered by a silicone
pad to improve contact quality. This configuration allows the
gripper to simultaneously capture tactile and kinesthetic data
during squeeze-and-release exploratory procedures, providing
complementary information about object stiffness, shape, and
internal features.

B. Dataset

The dataset used in this work partially corresponds to
the multimodal collection introduced in [11], which was
specifically designed to evaluate haptic fusion strategies. It
comprises 36 objects grouped into rigid, deformable, and
in-bag categories, where the in-bag objects contain small
elements packaged inside a plastic bag. Each object was
grasped 60 times, resulting in a total of 2160 grasp sequences.
For each grasp, synchronized tactile and kinesthetic data were
recorded. Tactile data consists of sequences of pressure images
from the Tekscan array, capturing the variation of contact
forces during the squeeze-and-release exploratory procedure.
Each sequence consists of 21 frames of 28 x 50 pixels,
forming a spatiotemporal representation of the interaction.
Kinesthetic data represents time series of joint angles from the
actuated and underactuated finger joints, providing information
about the global configuration of the gripper and the object’s
geometry.

The dataset is particularly challenging because objects
within the same category often share similar physical proper-
ties (e.g., sponges with and without inclusions, or bags filled
with nuts of different sizes). This makes it an ideal benchmark
for analyzing the effect of tactile resolution on recognition
accuracy.

1) Downsampling Tactile Data for Performance Analysis:
Although high-resolution tactile arrays provide rich informa-
tion, their integration into robotic grippers is challenging due
to hardware complexity, cost, and computational demands.
Many tactile grippers reported in the literature employ sensors
with fewer taxels, which reduces spatial resolution and may
compromise recognition accuracy [45]. To analyze this trade-
off, we artificially reduce the resolution of the tactile images
by applying bicubic interpolation, a widely used resampling
method in image processing that provides smoother results
than bilinear or nearest-neighbor interpolation [46]. Bicubic
interpolation has also been applied in tactile perception studies
to downsample pressure images while preserving structural
information [47], [48].

In this work, tactile images from the original dataset are
resized to lower resolutions to analyze the effect of reduced
tactile information on object recognition performance. Specif-
ically, we create a new dataset composed of four sub-datasets
with different resolutions:

e 100% Dataset: Original tactile data, excluding the first
and last columns for curation purposes, yielding a 28 x 48
matrix.

o 75% Dataset: Downsampled to retain 75% of the original
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Fig. 2. The tactile network (ConvLSTM-based) and the kinesthetic net-
work (LSTM-based) independently estimate class-probability vectors.
These outputs are then fused using either an analytical Bayesian rule
or a neural fusion inference to obtain the object classification vector.

pixels, resulting in a 21 x 36 matrix.

e 50% Dataset: Reduced to 50% of the original resolution,

producing a 14 x 24 matrix.

e 25% Dataset: Downsampled to 25% of the original

resolution, yielding a 7 x 12 matrix.

A visual representation of an example of the four sub-
datasets is presented in Fig. 1. The figure presents a tactile
image with the different resolutions of the squeeze-and-release
procedure performed on the skate wheel object.

Kinesthetic information is not reduced because the num-
ber of moving fingers is not changed, and the size of
the kinesthetic data vector depends on the sensor’s inherent
reading capability. Unlike tactile sensors, kinesthetic sensors
can typically be mounted on any gripper design without
modification. Therefore, reducing kinesthetic data would not
be meaningful, as the sensor configuration and functionality
remain unchanged.

C. ConvLSTM Architecture for the Tactile Object
Recognition Problem

To evaluate the impact of tactile resolution on recognition
performance, we train four deep learning models based on
a ConvLSTM architecture [49], one for each dataset variant
described in Section III-B.1. ConvLSTM networks combine
convolutional layers with recurrent LSTM units, enabling the
extraction of spatiotemporal features from sequences of tactile
images. This design is particularly suited for squeeze-and-
release exploratory procedures, where object properties are
revealed progressively over time.

Figure 2 illustrates the overall architecture and input con-
figurations for the four models. Each network receives a
sequence of 21 tactile frames as input, with spatial dimensions
determined by the dataset resolution: 28 x 48 (100%), 21 x 36
(75%), 14 x 24 (50%), and 7 x 12 (25%). These frames are
stacked along the temporal axis, forming a 4D tensor of shape
(T,H,W,C), where T = 21 is the number of frames, H and
W are the height and width of the tactile matrix, and C' =1
is the single-channel pressure map.

The first layer in each model is a ConvLSTM2D block,
which applies convolutional kernels across both spatial and
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Fig. 3. Boxplots and violin plots showing accuracy distributions for

tactile-only classifiers at four resolution levels (25%, 50%, 75%, and
100%) across 20 training runs.

temporal dimensions while maintaining recurrent connections
to capture dynamic contact patterns. For the 100% and 75%
datasets, we use kernels (K x K) of size 5, while for the 50%
and 25% datasets, smaller kernels (K = 3) are employed to
match the reduced spatial resolution. All ConvLSTM layers
have 8 filters, use tanh activation and same padding to
preserve spatial dimensions.

After the ConvLSTM layer, the output tensor is flattened and
passed through a fully connected (fc) layer with 36 neurons,
corresponding to the number of object classes in the dataset.
The final layer uses a softmax activation to produce a
probability distribution over all classes, enabling categorical
object recognition.

All models are trained using the Adam optimizer with
a learning rate of 10™* and categorical cross-entropy loss.
Training is performed for 40 epochs with a batch size of 16.

These experiments help identify the minimum resolution re-
quired to maintain reliable object recognition without incurring
unnecessary computational or hardware costs.

D. Fusion of Tactile and Kinesthetic Information

To mitigate the performance degradation caused by re-
duced tactile resolution, we also evaluate fusion strategies
that combine tactile and kinesthetic modalities. Both Bayesian
and neural-based fusion approaches are applied to the resized
tactile data and the kinesthetic sequences. This analysis allows
us to quantify how multimodal fusion can compensate for
the loss of tactile resolution and maintain robust recognition
performance.

Kinesthetic information is presented as a time series of joint
angles from the two actuated and two underactuated finger
joints (4 channels over 41 time steps). The network, presented
in Fig.2, consists of two LSTM layers with 1000 and 100
units respectively, both with tanh activations, and a final fully
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Fig. 4. Probability distributions of recognition accuracy for each tactile resolution (25%, 50%, 75%, and 100%). Each subplot displays the mean,
quartiles, interquartile range (IQR), and violin plots for the Bayesian fusion and neural-based fusion classifiers computed over 20 runs. The 25%
subplot also includes the results of the kinesthetic-only classifier, shown once because it does not vary with the spatial resolution of the tactile data.

connected layer that outputs a posterior distribution over the
36 object classes. The model is trained with Adam (learning
rate 107°), categorical cross-entropy, batch size 16, for 700
epochs, using a 0.2 validation split and shuffled mini-batches.
Prior to training, the joint signals are normalized per channel.
Its configuration is identical across all experiments because
the kinesthetic input dimensionality does not depend on tactile
resolution.

1) Bayesian inference: The Bayesian fusion approach ex-
ploits the probabilistic nature of the unimodal classifiers. Both
the tactile and kinesthetic networks output a categorical prob-
ability distribution over the set of object classes, denoted as
P (€|Xtqe) and p (c|Xgin), respectively. The class labels ¢ € Y
are defined prior to training, and the total number of labels
(N) is defined as 36, corresponding to the number of objects
in the dataset. Assuming conditional independence between
modalities given the class, the joint posterior distribution is
computed as:

p (C‘Xtac) ' p (C|inn)
p(c)

where p (c) is the prior probability of each class, typically
uniform in our experiments (p(c) = 1/N). A complete
definition of this method applied to this particular problem is
described in our previous work [11]. The Maximum A Posteri-
ori (MAP) estimate is then obtained by selecting the class with
the highest joint probability. This method is computationally
efficient because it does not require additional training beyond
the unimodal networks. It also provides theoretical guarantees
under the independence assumption, making it robust when
training data is limited or heterogeneous.

2) Neural inference: The neural-based fusion strategy adopts
a data-driven approach to learn fusion rules directly from ex-
amples. Instead of applying an analytical formula, this method
concatenates the probability distributions produced by the
tactile and kinesthetic classifiers (p (c|xiqc) and p (c|Xgin))
into a single feature vector of length v € R, This vector

p (C|Xtaca Xk:in) X

is then fed into a fully connected fusion network composed
of two dense layers with 64 neurons each, followed by a
softmax layer that outputs the fused classification probabilities
( p(c|Xtac, Xkin))- The neural inference leverages supervised
learning to capture complex relationships and correlations that
may exist between tactile and kinesthetic signals. This flexibil-
ity allows the model to potentially outperform Bayesian fusion
when trained on large datasets, as it can learn patterns beyond
those captured by analytical rules. However, its performance
is highly dependent on the amount and diversity of training
data. With limited data, neural fusion may underfit or overfit,
resulting in lower accuracy compared to Bayesian methods.

V. RESULTS AND DISCUSSION

The performance of the models was evaluated in terms of
recognition accuracy. In addition to accuracy metrics, the per-
formance was also analyzed using confusion matrices, which
provide a detailed view of class-wise recognition behavior and
misclassification patterns. To ensure statistically meaningful
results, each experiment was repeated 20 times. For every run,
the dataset was randomly split into training, validation, and test
sets.

A. Impact of Tactile Resolution on Object Recognition

Fig. 3 summarizes the recognition performance of tactile-
only models trained at the four resolution levels. These results
follow an expected trend: higher tactile resolution leads to bet-
ter mean classification performances. However, the differences
between consecutive resolutions reveal interesting insights.
The smallest gap occurs between 100% and 75%, with a
mean probability difference of only 0.0019, suggesting that
reducing the resolution to 75% preserves most of the object’s
internal characteristics. The difference between 75% and 50%
is slightly larger (0.0248), while the most significant drop
occurs between 50% and 25%(0.0972), indicating that severe
downsampling removes critical structural information required
for accurate recognition.
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Fig. 5. Confusion matrices (CM) where the abscissa denotes the target class and the ordinate the estimated class. The color scale on the right
indicates the recognition rate. The figure is organized as a 4x4 grid: rows correspond to tactile resolutions (top to bottom: 25%, 50%, 75%, 100%)
and columns to classifiers, from left to right: i) tactile-only, ii) kinesthetic-only, iii) neural fusion, iv) Bayesian fusion.

Variability across runs was analyzed through the interquar-
tile range (IQR). Both 100% and 75% datasets exhibit small
IQRs, implying stable performance regardless of the specific
training/validation/test split. In contrast, the 50% and espe-
cially the 25% datasets show larger IQRs, reflecting strong
dependence on the training data and greater sensitivity to
random splits. This effect is particularly evident at 25%, where
the accuracy fluctuates significantly between runs, confirming
that low-resolution tactile data compromises robustness.

The violin plots of Fig. 3 provide additional insight into the
distribution of accuracies. Most resolutions exhibit distribu-
tions close to normal, except for the 50% case, where outliers
appear, reducing overall performance. These outliers reinforce
the observation that mid-level resolution introduces variability
and dependence on the training set.

In summary, the results confirm the expected relationship
between tactile resolution and recognition accuracy: more
information yields better classification. Nevertheless, two note-
worthy findings emerge. First, the IQR for 100% is slightly
larger than for 75%, and the highest single-run accuracy was
achieved by the 75% model. This suggests that the network
configuration may not fully exploit the additional information
at full resolution, and tuning hyperparameters could further
improve performance. Second, the sharp decline at 25% res-
olution underscores the limitations of extreme downsampling,
where essential object features are lost.

Fig. 5 displays 16 confusion matrices organized in four rows
and four columns, corresponding to different resolution levels
and each classifier. The first column shows one representative
example of the tactile network results for each resolution.
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These examples illustrate how reducing tactile information
affects class-wise recognition behavior. At 100% resolution,
the network achieves high accuracy for most objects. However,
misclassifications occur among objects 7 to 10, which share
very similar physical properties, and between objects 1 and
3. These errors persist as resolution decreases, but additional
confusions emerge at lower resolutions. For instance, at 75%,
the model begins to struggle with objects 12 and 14, as
well as 34 and 36, indicating that subtle differences in shape
or stiffness become harder to capture when spatial detail is
reduced. At 50% resolution, the same error patterns remain but
become more pronounced, with increased confusion among
previously challenging classes. Finally, at 25% resolution,
the degradation is most evident: objects 7 to 10, which
were previously confused only among themselves, are now
misclassified also as different objects. Moreover, new errors
appear, such as object 30 being identified as 31, reflecting the
loss of structural cues because of downsampling.

These observations confirm that reducing tactile resolution
not only lowers overall accuracy but also amplifies ambigu-
ity among objects with similar physical characteristics. At
very low resolutions, the network fails to capture distinctive
features, leading to widespread misclassification beyond the
original error clusters.

B. Performance of Tactile—Kinesthetic Fusion Strategies

For the multimodal experiments, the dataset was also split
randomly into training, validation, and test sets across 20
independent runs to ensure statistical robustness. Crucially,
tactile and kinesthetic data originating from the same grasp
were always paired during these splits. This alignment ensures
consistency between modalities and prevents mismatched se-
quences during fusion, which is essential for a fair comparison
of Bayesian and neural-based strategies.

Fig. 4 summarizes the statistical results for both fusion
approaches across all tactile resolutions. Each subplot shows
the mean success rate, quartiles, interquartile range (IQR), and
violin plots for the 20 experiments. The first subplot (25%)
also includes the performance of the kinesthetic-only classifier,
which remains constant across all resolutions. As expected,
kinesthetic data alone achieves lower accuracy than tactile
data.

The following analysis examines the behavior of the two
fusion schemes, Bayesian and neural, across the different
tactile resolutions. Neural inference results show that the
mean success rate for 100%, 75%, and 50% resolutions is
nearly identical, while the 25% case falls slightly behind,
with a difference of approximately 0.0268 compared to the
others. This demonstrates that kinesthetic information effec-
tively compensates for the loss of tactile detail at moderate
resolutions. However, at 25%, the fusion cannot fully recover
the missing spatial information, leading to a noticeable drop in
accuracy. The IQR analysis reveals a trend similar to tactile-
only models: the largest variability occurs at 25%, followed by
50%, while 75% and 100% remain close and relatively small.
Overall, all IQRs are smaller than those observed in tactile-
only training, confirming that fusion improves consistency.

Bayesian inference exhibits a similar pattern but with
slightly better performance across all resolutions. The suc-
cess rates for 50%, 75%, and 100% are very close, while
the 25% case again shows a larger gap. Bayesian inference
consistently outperforms neural inference at every resolution,
likely because the analytical approach does not depend on
large training datasets to learn fusion rules. Furthermore,
the IQRs for Bayesian inference are smaller than those of
neural inference, reinforcing its robustness under limited data
conditions.

When comparing both fusion strategies to tactile-only re-
sults, the benefits of multimodal integration become evident.
The large accuracy gaps observed between resolutions in
tactile-only models are substantially reduced after fusion. For
example, reducing tactile data to 50% or even 25% no longer
results in dramatic performance loss: Bayesian fusion achieves
accuracy within roughly 0.01 of the full-resolution case,
while neural fusion remains within 0.02. In contrast, tactile-
only models showed a 0.12 drop between 100% and 25%.
These findings confirm that combining tactile and kinesthetic
modalities enables significant reductions in tactile resolution
without sacrificing recognition capability.

Fig. 5, in addition to presenting the tactile network results
in the first column, also includes the performance of the
kinesthetic network and the two fusion strategies: Bayesian
inference and neural-based inference. Each column shows how
classification accuracy evolves across different data percent-
ages (25%, 50%, 75%, and 100%), providing a complete
view of the system’s behavior under varying conditions. When
examining the kinesthetic training column, we see that, as
expected, this modality tends to misclassify more objects
compared to the tactile network. Comparing both networks
reveals several patterns: in many cases, both networks achieve
high accuracy, while in others neither is able to classify the
object correctly—particularly for objects 7 through 10. There
are also situations where the tactile network succeeds while the
kinesthetic network fails, such as with objects 20, 21, and 22,
and, less frequently, the opposite occurs, as seen with objects
33 and 34.

Turning to the fusion-based inference columns, several in-
teresting patterns emerge. Both neural and Bayesian inference
methods demonstrate the ability to learn which source of
information is more reliable for each object. This adaptability
is evident in cases where only one modality (either tactile
or kinesthetic) could classify the object correctly; the fusion
methods also achieve correct classification in these situations.
The only significant misclassifications occur when neither
individual modality was able to recognize the object—again,
objects 7 through 10. Overall, these results confirm that
inference-based fusion strategies effectively leverage comple-
mentary information from tactile and kinesthetic sources, sub-
stantially improving robustness compared to single-modality
networks.

V. CONCLUSIONS AND FUTURE WORKS

This study provided an evaluation of how tactile resolution
influences object recognition performance across a diverse set
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of objects. The results showed that reducing tactile resolution
consistently degraded recognition accuracy, particularly for
objects with complex geometries or deformable properties.
This confirmed that high-resolution tactile sensing is needed
for achieving reliable classification. At the same time, the
experiments demonstrated that this loss in accuracy could be
mitigated through multimodal fusion strategies. Both Bayesian
and neural-based inference approaches successfully combined
tactile and kinesthetic information, compensating for the lim-
itations introduced by lower tactile resolution. These fusion
methods not only improved overall recognition rates but
also adapted to the reliability of each modality, enabling
robust performance. By quantifying these trade-offs, the work
highlighted the importance of balancing sensor resolution
with computational strategies for efficient robotic perception.
These findings offer practical insights for designing tactile
systems that optimize hardware complexity without sacrificing
recognition capabilities.

Future work will focus on improving the tactile network
architecture to fully exploit the information available at high
resolutions, as results suggest that the current configuration
does not yet capture all discriminative features provided by
the 100% dataset. Investigating advanced fusion techniques,
including attention-based and advanced probabilistic models,
will also be a priority to improve the object recognition
performance. Lastly, extending the evaluation to real manipu-
lation tasks and considering additional sensing modalities will
help assess the scalability and practical deployment of these
approaches in more complex environments.
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