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Abstract: With the rapid development of flexible electronics, the tactile systems for object recognition are becoming increasingly delicate.
This paper presents the design of a tactile glove for object recognition, integrating 243 palm pressure units and 126 finger joint strain units
that are implemented by piezoresistive Velostat film. The palm pressure and joint bending strain data from the glove were collected using a
two-dimensional resistance array scanning circuit and further converted into tactile images with a resolution of 32X 32. To verify the effect
of tactile data types on recognition precision, three datasets of tactile images were respectively built by palm pressure data, joint bending
strain data, and a tactile data combing of both palm pressure and joint bending strain. An improved residual convolutional neural network
(CNN) model, SP-ResNet, was developed by light-weighting ResNet-18 to classify these tactile images. Experimental results show that
the data collection method combining palm pressure and joint bending strain demonstrates a 4.33% improvement in recognition precision
compared to the best results obtained by using only palm pressure or joint bending strain. The recognition precision of 95.50% for
16 objects can be achieved by the presented tactile glove with SP-ResNet of less computation cost. The presented tactile system can serve
as a sensing platform for intelligent prosthetics and robot grippers.
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0 Introduction

Tactile perception, one of the most fundamental sensory
systems of human, plays a crucial role in understanding the
environment and coordinating movement. Integrating
human tactile perception into robotic technology enables
precise manipulation of robotic hands or prosthetics, thus
playing a significant role in fields such as human-machine
interfaces”, healthcare”*, and virtual reality”*. With the
rapid advancement of artificial intelligence technology,
deep learning has been widely applied in the field of tactile
perception research.

High-density sensor array have garnered widespread
attention for their ability to emulate human skin. Lee et al."”
developed a tactile glove to identify four objects of different
shapes by only measuring the bending strains of five fingers
with a precision of 91.88%. This confirmed the
effectiveness of utilizing bending strain information of

fingers for object recognition. Zhang et al."

integrated a
5X 5 pressure sensor array on the fingertips of a humanoid
robot hand, and realized the identification of five different

objects in various shapes with a precision of 99.6%.

Although both of them achieved high recognition precision
relying solely on overall finger bending or fingertip pressure
for tactile data acquisition, there was a limit to the number
of objects that could be recognized. Consequently, the
dataset with small scale and few features can only achieve
high classification precision for specific category and has
limited practical applications. High-quality, feature-rich
data ensure that artificial intelligence algorithm models
perform well under various conditions and scenarios".
Thus, the acquired tactile features and the number of
objects that can be correctly recognized directly determine
the model’ s generalization ability.

To make robot tactile sensing more applicable to real-
world use, Sundaram et al. "' designed a low-cost
piezoresistive tactile glove equipped with 548 pressure
sensor units across the palm and phalanges. They developed
the ResNet_3X 3 network model and achieved a real-time
recognition of 26 common everyday objects through
grasping and touching actions. However, the top-1
precision was only 74.81% , which indicated that using only
the pressure information for object recognition was

insufficient. Qiu et al."" introduced a tactile glove that
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integrated both pressure and temperature sensor array on
the palm surface. This glove could simultaneously detect
the contact pressure and thermal conductivity between the
palm and objects. They developed a custom CNN model
that recognized objects of varying weights and temperatures
with a precision of 94.9%. The results demonstrated that
multimodal information from the tactile glove could
improve the recognition precision effectively. In addition to
studies on tactile perception of pressure and temperature,
Lu et al."™ integrated 412 piezoresistive sensors into a
robotic palm for the simultaneous measurement of the
contact pressure between the palm and objects, as well as
the overall bending state of each finger. A multimodal CNN
was developed to recognize 17 target objects with an
average precision of 91.67% . However, the recognition
precision significantly decreased to 72.33% when only the
data from the entire finger was used for recognition. These
results demonstrated that adopting multimodal tactile
information and developing high performance models were
the effective ways to improve the object recognition
precision.

To address the issue of low recognition precision when
using only the bending data of a single finger, we presented
a low-cost tactile glove with straightforward procedure
capable of simultaneously capturing information of contact
pressure distribution on the palm and bending strains on
every finger joint. Additionally, a CNN was developed to
integrate pressure and strain data for high-precision object
recognition. The main contributions are as follows.

1) We designed a low-cost, piezoresistive tactile
glove that covered the entire palm, integrating an array
of joint bending strain sensors to capture the state of each
finger joint and a palm pressure sensor array to measure
the distribution of contact pressure. The glove collected
tactile data from 16 target objects, and three tactile
image datasets were built by palm pressure data, joint
bending strain data, and a tactile data combing of both
palm pressure and finger joint bending strain.

2) A modified ResNet model, SP-ResNet, was
developed and used to train and test tactile image data for
the 16 objects. The recognition precision can achieve
95.50% by processing both the palm pressure and joint
bending strain information with the powerful SP-ResNet
model. This demonstrated the obvious advantage over
using single-source data, either joint bending strain or

pressure information alone.

1 Design of tactile glove

This section primarily discusses the design of the

sensor array , manufacturing processes, and principles of
the signal acquisition circuit of the tactile glove. The
main performance parameters of the two type sensors
have been obtained by calibrating the palm pressure
sensor arrays and finger joint bending strain sensor
arrays. We tested the stability of sensor performance
during grasping to ensure steady acquisition of tactile
information from the designed glove.

1.1 Layout of tactile sensor array

To obtain tactile information from palm pressure and
finger bending strain, the designed tactile glove was
covered with a pressure sensor array on palm and a strain
sensor array on back of five fingers. The sensor was
arranged in a matrix form on the glove, with each unit
consisting of two conductive electrodes on the top and
bottom, and a sensitive material sandwiched in the middle.
The pressure sensor array consists of 243 units arranged on
the palm, as shown in Fig.1(a) and 1 (c) . Specifically, the
thumb metacarpophalangeal joint is covered with a 3>X4
sensing array, while other phalange joints are covered with
sensing array sized at 3X 3, and a 12X 9 sensing array is
placed across the entire palm. Similarly, the strain sensor
array consists of 126 units with a 15X 9 configuration, as
shown in Fig.1(b) and 1(d). All the strain sensor array,
with a dimension of 3X 3, are arranged on the back of each
finger joint.

Array of pressure sensors

(b) Back of hand

(d) Back of hand photo

Fig. 1 Layout of tactile glove

All the sensing units in both of the pressure and strain
sensor array are based on the piezoresistive effect of the
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Velostat. To ensure the relative position of the sensing
units in the array to the fingers, a strong acrylic adhesive
was used to bond the sensor array to the glove. Each wire
was arranged in a specific position to prevent short
circuits between wires. When an object was grasped by
this tactile glove, distinct pressure distribution and
bending strain were formed according to variations in the
shape, size, weight, and softness of each object.
Therefore,

information from different sensing units of the glove can

pressure and bending strain tactile
be extracted and then the accurate object recognition can

be achieved by synergistic utilization of both of them.
1.2 Structural design of tactile sensor array

The performance of the tactile sensor array directly

determines the precision of the extracted tactile
information, thereby affects the precision of object
recognition. A well-designed structure of the tactile
sensor array ensures its measurement precision and
working life. As shown in Fig. 2, the designed tactile
sensor array consists of four parts: a protective layer, an
adhesive layer, an electrode layer, and a layer of
Velostat sensitive material.

Protective layer

\Adhesive layel\

(b) Joint bending strain

(a) Palm pressure

Fig. 2 Structure of sensor array

The protective layer was used to shield the sensitive
layer from external damages and impacts, claiming for
good mechanical properties. A piece of PE film with a
thickness of 0.01 mm is adopted for the protective layer
because of its high tensile strength, good flexibility,
strong heat resistance, and low cost.

The electrode layer, delivering the measurement
signals, was arranged in the configuration of orthogonal row
and column wires. A stainless steel wire with a diameter of
0.2 mm, offering high flexibility, conductivity, and
oxidation resistance for long-term use, was used for the
electrodes.

The Velostat film has been widely used in the fabrication
of flexible sensors due to its highly flexible and stable
piezoresistive effect”. The imprecision in measurement
results caused by the diffusion of force to nearby sensors due
to the deformation of the material when pressure is applied
to a sensor is termed mechanical crosstalk*. To minimize

the influence of mechanical interference on measurement

pressure precision, the Velostat was cut into squares with
5mm X 5mm and arranged in a 3X 3 array, ensuring that
there were no material connections between each units. All
sensing materials were sandwiched between two
orthogonally configured electrodes, thus forming a sensing
array, as illustrated in Fig.2 (a) . In this configuration, the
resistance change of each sensing unit directly reflects
fluctuations in palm pressure.

The bending strain sensor array determines the bending
state of each finger through changes in resistance caused by
tensile and compressive deformation during bending.
Essentially, the bending of the wires and the remaining
layers exerts pressure on the Velostat, causing it to undergo
a piezoresistive effect that results in a change in resistance.
To accurately ascertain the bending state of a single joint,
the sensors need to be precisely arranged at the bending
points of the joints. When the finger bends, the positions of
the sensing units in Fig. 2(a) shift, causing the gaps
between units to align with the joint” s bending point,
thereby leading to measurement errors. Therefore, the
bending strain sensor is configured as a 3} 3 array with one
piece of sensing material, effectively fixing the sensitive
material to complete accurate strain measurements, as
depicted in Fig.2 (b) .

Additionally, the structure in Fig. 2(b) features six
interwoven conductive wires that apply pressure on the
Velostat, enabling effective measurement of the joint’ s
bending state. The bending state of each finger is used to
enhance recognition precision through synergy with the
pressure information. In the measurement of the joint’ s
bending state with the employed 3} 3 sensor array, relying
on the result from any single unit alone is insufficient for
comprehensive measurement of the joint”’ s bending state.
Consequently, the averaging processing is applied to ensure
that each joint yields only one data point, thereby
eliminating the cross-talk between units that could affect the
measurement results.

1.3 Tactile data acquisition circuit

The adopted structure and arrangement of the sensor
array form a matrix of variable resistors at the intersection
points of the row and column electrodes. When the sensor
array is interfaced with a two-dimensional array scanning
method to read out the resistance of each unit, unintended
crosstalk currents appear and deteriorate the precision of the
measurement'*. To read the resistance values of each
sensitive unit within the resistance matrix accurately, it is
necessary to suppress the crosstalk currents among the
sensing array """ We implemented a scanning circuit based
on the virtual grounding method to achieve the signal
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acquisition circuit and suppress crosstalk, as shown in
Fig.3". The scanning circuit primarily consists of a 32-bit
analog multiplexer (4 74HCT4051 chips) , a 32-bit shift
register (474HCT595 chips) , and 32 operational amplifiers
(LM 324 chips)

FU,
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.2 U
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& 15
1
&
=
= FUs
=1
=
o
3]

U

32-bit analog multiplexer

Fig. 3 Scanning circuit

We used the scanning circuit to extend the dimensions of
the sampled tactile information from 30X 27 to 32X 32 to
facilitate the convolution operations of the neural network.
As shown in Fig.3, the 32-bit analog multiplexer integrates
voltage nodes (V,=V,=++-=V,,=5 V) and resistors
(Ri=R,=+++=R;,=10kQ) . Black dots (+++) between
labeled components indicate omitted intermediate elements
to streamline the schematic. Similarly, the shift register
truncates repetitive units (U,=U,=+--=U,=5 V),
retaining only key positions for clarity. Area (a) (rows 1—
15, columns 1—18) and area (b) (rows 18—32, columns
24 — 32) represent the scanning distribution of the palm
pressure and joint bending strain sensor array, respectively.
Areas other than (a) and (b) are not accessed for scanning
and are set to null.

We could input the voltage output of each operational
amplifier to the analog-to-digital conversion ports of an
Arduino nano, where it was converted into digital
signals. The converted digital signals are then
transmitted to a computer via serial communication for
further processing. Specifically, we converted the tactile
information into a corresponding conductance matrix
with a size of 32X 32.

The circuit diagram is fabricated as a PCB for tactile
information acquisition, as shown in Fig. 4(a). The
hardware photos of the tactile glove prototype are shown
inFig.4(b) and (c).

The conductance adopted in this paper is a calculation
result based on a voltage divider circuit and the ADC IC
integrated in a Arduino PCB. When a row of the scanning

circuit is grounded by a shift register, the conducting circuit
for the measured resistor is shown in Fig.5.

(a) PCB (b) Back of glove (c) Palm of glove

Fig. 4 PCB design and fabrication of signal sampling circuit

Vit

Vou

Fig.5 Conducting circuit for measured resistor

The relationship between the measured resistance and
the output voltage is

R,
R, +R,’

where V,, is the output voltage; V. is the reference

Voul - Vref ( 1 )

voltage (which is 5 V when there is no crosstalk) ; R, is the
measured resistance, and R, is the reference resistance (set
to 1 kQ). After being sampled by the 10-bit ADC of
Arduino, the V,, is converted into a digital value. The 10-
bit sampled voltage value, V., can be expressed as

Voul
Ve = 1024 X —24. 2)

ref

Through substitution of the equations, we obtain

1024 — V.
R, =R——. (3)
Vadc
The conductance value G, Of the sensor matrix can
be calculated by
1
Gvclcsml - E . (4)

The unit of the calculated parameter is 1/Q. By the
context, the conductance in this paper is not the strict
physical definition, but it still has the form and meaning
of the conductance as well as the unit. The same method
has been employed"".

1.4 Sensor calibration

To obtain accurate tactile signals, the pressure and
bending strain sensor array should be calibrated properly
before the real measurement begins. The neural networks
make the best of the varieties of pressure and bending strain
features from sensing units in the process of grasping an
object to realize the object recognition. Therefore, the
influence of differences in the initial state that are induced by
the fabrication and materials can be excluded which is
conductive to improving recognition precision.
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1) Calibration of pressure sensor array units
As shown in Fig. 6, the pressure sensor calibration
setup includes a force gauge (Zhiqu HQ-20B) and a
digital multimeter (Keysight 34465A) . The force gauge
is used to apply specific pressure on the sensor units, and
the digital multimeter records the changes in resistance
with pressure. The measured resistance-pressure curve
and the corresponding conductance-pressure curve are
shown in Fig.7. The sample sensing unit performs well
under loads ranging from O N to 0.6 N.

Fig. 6 Pressure sensor calibration setup
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Fig. 7 Mechanical properties of sample sensing unit

For the conductance-pressure relationship of the palm
pressure unit, we conduct a test over 1 000 s, during which
approximately 600 cycles of 0—1 N pressure are applied,
as shown in Fig.8, indicating that the palm pressure unit
exhibits good repeatability.

2) Bending performance characteristics

When a target object is grasped by the hand, every
finger joint produces different bending deformations and

corresponding compressions'”,
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Fig. 8 Repeatability test of palm pressure units

Therefore, a strain sensor array is better qualified for
finger joint bending degree presentation than an individual
sensing unit in the array, as described in the section of
tactile sensor array structural design. To achieve a good
balance between measurement precision and computational
complexity, the average of conductance value of the all nine
units in the array is adopted to indicate the bending degree

of the finger joint. The average value can be calculated by

3

G=-+ ZZau, (3)

i=1j=1
where «; represents the conductance value of each
sensing unit in a matrix of 3X3 bending strain sensor
array; G represents the average of the conductance
matrix of the 9 units; and 7 and j are the row number and

the column number, respectively.
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Fig. 9 Joint bending strain sensor measurement
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The joint angles were tested at 0°, 30°, 45°, 60°, and
90°, with a testing duration of 160 s. As shown in Fig.9 (a) ,
the bending strain sensors exhibit good repeatability. No
significant noise could be observed in the collected signals,
and the sensing array response to the bending angle was
stable and consistent. Fig.9 (b) shows approximately 300
continuous bending cycles from 0° to 90° within 500 s.

All these results demonstrated that the designed
bending strain sensor array and the sampling method
possessed good stability and high sensitivity.

2 Methods for tactile recognition

In order to verify the influence of different tactile
information on the recognition precision of the target object,
we built three distinct tactile data sets: one using palm
pressure data, one using joint bending strain data, and one
combining both palm pressure and finger joint bending

strain data.

2.1 Data preprocessing

Different CNNs have been proven to be effective and
advantageous in image recognition™. Therefore, the multi-
frame 32X 32 conductance matrices were converted into
responding grayscale image, where each element of the
matrix corresponds to a pixel in the grayscale image, and
the depth of the pixel represents the magnitude of the
element value. All the values of elements are restricted in
the range of [0, 255], alter the linear normalization of the
conductance matrix, can be expressed as

C—minC
Xoom = 255——11, (6)
max C — min C

where X, refers to the normalized matrix; C denotes
the conductance matrix; and min C and max C represent
the minimum and maximum values of the elements
within the conductance matrix, respectively. After that
these grayscale images were processed by the CNN to
realize object recognitions.

Once the tactile glove with good sensing performance
and an effective signal acquiring method have been
implemented, we investigate the tactile sensing
capability of the designed system through activities in
daily living (e. g., when grasping a smartphone) , as
shown in Fig. 10(a). We can see that both of the
magnitude and location of the bending strain and the
pressure demonstrate the grasping action and shape of
the object intuitively from Fig.10. The contact pressure
distribution on the palm and bending strain at every
finger joint are indicated with the grayscale image

highlighted in blue and red, respectively.

(a) Posture (b) Joint bending sirain

(d) Combination

(¢) Palm pressure

Fig. 10 Tactile images

2.2 Data augmentation

Data augmentation has been usually adopted to
increase the diversity of training data and consequently
improve the capabilities of feature extraction and
generalization of the model®. In order to extract more
features from the collected two-dimensional tactile
grayscale images and improve recognition precision, the
following data augmentation techniques were employed.

1) Each tactile image was randomly flipped vertically
or horizontally with a probability of 30%.

2) Random noise with Gaussian distribution (=0,
6=0.02) was added to each tactile image.

3) Each tactile image was randomly altered (translated,
rotated, or scaled) with a probability of 30%.

2.3 SP-ResNet

We represented the acquired tactile information as
single-channel grayscale images with a size of 32X 32.
However, the most of CNN models are commonly
designed for three-channel RGB images, thus, they are
not suitable for processing the acquired tactile images
directly. Additionally,
advantages in structure simplicity and low computation

single-channel images have

cost to extract features. Reasonable design of CNNs
models matching the acquired tactile images will
increase the recognition efficiency. Consequently, a
novel CNN model, SP-ResNet, was successfully
developed based on the architecture of ResNet-18%",

As shown in Fig.11(a) , the structure of the developed
SP-ResNet model consists of eight layers. One of 3X3
convolution layer, max pooling layer, four layers of
SeparableBlocks, and average pooling layer are arranged
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in sequence and employed to extract features from a single
grayscale tactile image. A fully connected layer for
classification is used for the ending conclusion. To facilitate
processing the collected grayscale tactile images, the
adjustments of neural network configuration have been
carried out. Specifically, the size of filter in the initial
convolution layer and the step size are optimized to 3X 3 and
1, respectively, which facilitates the convolution operations
and reduces the operation calculations. The convolution
layer is followed by a batch normalization layer and a

nonlinear activation function, i.e., H-swish®!. H-swish is

employed to active every convolution layer to replace the
activation function RELU adopted in ResNet-18. H-swish
is a lightweight of the swish function that utilizes a
piecewise function to approximate the swish function,
reducing the number of multiplications and the number of
memory accesses during function computation. As a result,
the computational complexity of the model can be decreased
effectively. With this configuration, a 1 X 32X 32 grayscale
tactile image is input into the SP-ResNet and transformed
into a 1 000X 1X1 classification vector after being
sequentially processed by every layer.

3x3 Con2d+ MaxPool
I swis'lirjrBN | K:gx 50:2 Separable Separable Separable Separable Avg Fully Classes
LW o 70 | Iblock (S=1)| |block (S=1)| |block (S=2)| | block (S=2)| | pool connected
iesk SEil (2= =1
y i
7 1x32%32 64%x32%32 | 64x16x16 128x16x16  128x8x8 128x1x1 1 000x1x1
SP-ResNet
(a) Overall architecture of SP-ResNet
—

1x1 Con2d+ 1] 3%3 Dwise+
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K=1.5=1 K=3.5=1

4 {
T Convad (
ot H,swishl-u‘
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4

CxHxW
SeparableBlock

Conv2d+
sigmoid

Conv2d+BN+
lonact h_swish i
Clrx(H+W)
Conv2d+
sigmoid
CxHx1 Cxibay
GCAM

(b) Structure of SeparableBlock

(¢) Structure of GCAM

Fig. 11 Architecture of SP-ResNet developed for object recognition by tactile information

1) SeparableBlock

As shown in Fig.11 (b) , each SeparableBlock contains
one GCAM layer, one depth-wise separable convolution
layer, and one point-wise convolution layer™”. A point-
wise convolution layer is connected to the end of GCAM
layer to deepen the network structure. Point-wise
convolution layer with fewer parameters demands lower
computational costs, which can improve the representation
capabilities with no significant increasing in the
computational burden.

Standard

combinational

convolutions can efficiently

different

capture

features across channels.
However, they are not suitable for processing the
grayscale images with only one channel. Therefore, a
more lightweight depth-wise separable convolution,
which decomposes the standard convolution into depth-
wise and point-wise convolutions, is introduced to
process the grayscale tactile images efficiently. In depth-
wise convolutions, the number of input and output
channels is equal and each filter operates solely on an
individual input channel, avoiding the learning of cross-
channel combinational features. The primary purpose of
the point-wise convolution layer is to deepen the
network while dimension

layers performing a

transformation in the second residual block. The purpose
of deepening the network structure is to capture more
intricate patterns and hierarchical features within the
data®’. Subsequently, through global average pooling
and a fully connected layer, the feature map is
transformed into a channel-dimensional classification
vector.

2) GCAM

To exact precision tactile information from the single-
channel grayscale images, the neural network should focus
on the spatial information of the image features instead of
inter channel information. The global coordinate attention
mechanism (GCAM) possesses significant advantages in
capturing the directional and positional feature information
of images™. As shown in Fig.11(c), it firstly performs
global pooling along the spatial dimensions of height and
width of the feature map (Y-GAP and X-GAP), and
produces two 1-dimensional features. Then the features are
processed through a convolutional layer that reduces the
number of channels, followed by another that increases
them. After being activated by a sigmoid function, two sets
of attention maps that respectively correspond to spatial
positional information along the height and width directions
are generated. After that attention maps are element-wise
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multiplied by the tensor of the original feature map. By
aggregating features across different spatial directions, the
long-range dependencies of each pixel in the grayscale
image can be more effectively captured. Finally, the
attention-weighted feature maps are merged along the
channel dimension to produce the final output feature map.
This mechanism is integrated into the structure of each
block, allowing the model to locate features more
accurately in tactile grayscale images.

The entire network model was implemented in the
PyTorch framework, with an initial learning rate of
107%. The learning rate was optimized using the Adam
optimizer, and the training period was set to 50 epochs.
C represents the number of channels, H is the height, W
1s the width, S is the stride, K is the filter size, and P is
the padding. In Fig. 11(b), (S) indicates the variable
stride , with each stride value provided in Fig.11 (a) .

3 Experiments

To validate the effectiveness of the designed tactile glove
and recognition method, several experiments were

conducted on the object recognition. After the acquisition

of tactile images of target objects, three tactile data sets
— :

=
B2

(a) Art knife (b) Book (d) Cup2

(i) Magic cube (j) Mobile phone

(1) Cans

were built according to different tactile information. Then
the object recognition experiments and comparative
experiments were performed on the data sets implemented
by SP-ResNet and five other models.

3.1 Creating tactile dataset

Before realizing accurate object recognition, the
developed CNN model had to be well trained with the
tactile information collected from the designed tactile glove.
As shown in Fig.12, we collect tactile information from the
designed tactile glove when it grasps 16 target objects. As
mentioned before, palm pressure data, joint bending strain
data, and a tactile data combining both palm pressure and
finger joint bending strain were used to build the
corresponding tactile dataset.

The objects used in the experiment had different
shapes and weights. For example, an empty water bottle
and a bottle full of water are similar in appearance but
different in weight. While a toy and a roll of paper are the
same weight but different in shape. Due to the
differences in the physical properties of different objects,

the tactile information collected by the tactile glove is

distinctly different. Representative strategies are built for
training the CNN.

(e) Empty water bottle (f) Empty-handed (g) Full water bottle 1(h) Full water bottle2

(0) Tennis

(m) Tapes (n) Toy

(p) Mouse

Fig. 12 16 Target objects

Fig.13 shows the tactile data of the last 50 continuous
time frames collected by the palm pressure and joint
bending strain sensors while gripping 16 objects. This
includes 270 data points from the palm pressure sensor
and 14 data points from the joint bending strain sensors.
After 950 frames of data collection for each object, the
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> Number of frames

g
4,

Number of frames

(a) Art knife (b) Book

tactile information captured by the palm pressure and
joint bending strain sensors varies, due to differences in
the contours and weights of the objects. After data
acquisition of 950 frames, the glove is still able to collect
data normally, indicating that the tactile glove has good

mechanical stability.
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Fig. 13 Tactile sequences of 16 objects (50 consecutive frames of 284 sensor values)

and finger joint bending strain is involved together.

3.2 Tactile object recognition o )
Specifically, the palm pressure sensor array is not good

The three tactile data sets are separately adopted to at distinguishing objects with similar weight. As a result,
train the SP-ResNet, and the corresponding results are it fails to distinguish the rolls of paper and toys.
represented by confusion matrix, as shown in Fig. 14. Similarly, the joint bending strain sensor array lacked
We can see that recognition precision of 91.17% and the ability to distinguish objects of similar shape, for

88.39% is achieved by utilizing the palm pressure and example, the two bottles. Consequently, integrating

bending strain tactile information, respectively. both joint bending strain and pressure tactile information
However, the precision is dramatically increased to effectively compensated for their individual
95.50% when tactile data combining both palm pressure shortcomings and enhanced classification precision.
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3.3 Comparative experiment

of the
developed SP-ResNet, a publicly available tactile image
data set (STAG) for 26 objects with different size,
weight, and material was adopted to conduct the

To further demonstrate the advantage

comparative experiment with the existing popular
network models. The comparative result with ResNet_
3X 3 1s shown in Fig. 15, which demonstrates that the
recognition precision of the proposed SP-ResNet is
consistently higher than that of the ResNet_3X 3 across
different numbers of input frames.

100
90+ Ml SP-ResNet
g0 IMResNei_3x3
70
60
50
40
30
20
10

0

Precision/%

1 2 3 4 5 6 7 8

Number of input frames

Fig. 15 Precision comparison of STAG dataset
This indicates that the proposed SP-ResNet has clear

advantage for object recognition when grayscale images
are employed as the tactile data. The recognition
performance of the developed SP-ResNet and other
popular network models are listed in Table 1.

The performances of different deep learning models
have been evaluated through the following indicators:
number of FLOPS®, and
number of parameter™. The designed SP-ResNet

recognition precision,

achieved the second-best recognition precision with the
minimum computational cost (i. e., the number of
operations and consumed memory  resources).
Compared to ResNet_3X 3 with the same input image
size of 32X 32, SP-ResNet demonstrated lower FLLOPs
(16.332X10%) (3.26 X107 ,

maintaining a high precision of 95.50%. This good

and parameters while
property made it more prominent in accurate object
recognition. Additionally, to validate the effectiveness of
incorporating GCAM, we conducted comparative tests
after removing GCAM. The recognition precision of the
combined tactile data decreases by 0.47% , while the
model’s FLOPs (12.433X10°) and parameter (2.18X
10°) remain comparable to those before integration.
These results indicate that SP-ResNet with GCAM is
better suited for tactile image classification tasks.

Table 1 Comparison of performance between proposed model and five models

Precision/ %

Number of Number of

Model Palm pressure Joint bending strain Combination Of. FLOPs/ X 10° parameter/ X 10°
pressure and strain
Naive Bayes"! 75.85 74.33 72.16 — —
Decision Tree/! 81.77 84.55 89.22
ResNet_18% 91.98 89.51 96.02 1824 116.90
MobileNet® 91.78 89.03 95.48 588.912 42.32
ResNet_3x 31% 91.04 87.12 94.54 72.581 6.58
SP-ResNet(deleted GCAM) 90.85 88.17 95.03 12.433 2.18
SP-ResNet(ours) 91.17 88.39 95.50 16.332 3.26

To demonstrate the effectiveness of the proposed data

augmentation method in terms of recognition
performance, we conducted comparative experiments.
The performance of data augmentation methods A, B,
and C, along with no data augmentation, is evaluated
through 10 independent experimental runs for each
condition, and the results are summarized in Table 2. As
observed, when all data augmentation methods are
applied simultaneously, the recognition precision is
improved by 1.93% for palm pressure, 0.14% for joint
bending strain, and 1.29% for their combination. But
using only method B does not improve recognition
precision. Because our grayscale images are based on
data collected from sensors, which inherently contains
some noise.

While adding noise could increase the diversity of the

Table 2 precision comparison experiment of data

augmentation

Precision/ %

Method Joint bending Combination of
Palm pressure . .
strain pressure and strain
No data 89.24 88.25 94.21
augmentation

Only A 89.35 88.28 94.68
Only B 89.24 88.25 94.22
Only C 91.05 88.33 95.02
All 91.17 88.39 95.50

data, excessive noise might have led to the loss of
feature information in the images, thereby preventing
any improvement in precision. For methods A and C,
the improvement was likely due to the nature of our
data, which consisted of single-channel grayscale
features in the

images. The images were not

symmetrically arranged, and operations such as flipping
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or translation caused changes in the positions of pixels.
This allowed the model to learn more complex features
both methods
increased the number of tactile images by 30%,

for different postures. Additionally,

augmenting the input data and thereby enhancing the
model’s generalization ability and recognition precision.

4 Discussion and future work

In practical industrial applications, multiple sensors
are often used together, generating multimodal data. For
such data, it is possible to convert different types of data
into a unified single-channel image format to meet the
input requirements of SP-ResNet, allowing the model
to perform classification tasks for various applications.
However, this process may have resulted in the loss of
certain sensor-specific features, such as the temporal
features from sound. In the future, one of our research
directions will be to combine the tactile glove with vision
or hearing to acquire multimodal data. For SP-ResNet,
we plan to add multi-channel convolution layers and
feature fusion layers to independently extract features
from each type of data. This approach will enhance the
model’ s generalization ability, ultimately expanding the
industrial applications of tactile gloves.

High-resolution and multi-channel data often

contained more features of objects and richer
information, which allowed neural networks to perform
better in recognition tasks compared to data with
insufficient features. The design of SP-ResNet aimed for
lightweight processing, and it was limited to handling
only 32X 32 grayscale images. To accommodate higher-
resolution data, SP-ResNet could be improved by
modifying the convolution kernel size, adding more
convolution  layers, or incorporating attention
mechanisms to recognize finer object features. High-
dimensional data could be converted into multi-channel
tensors, for example, by placing the time vectors of
tactile data into separate channels for feature extraction.
One of the future directions of our work involve
associating time-series data with the palm pressure and
joint bending strain sensor array, further capturing the
changes in tactile features between the glove and objects
at different time points. We focus on constructing 3D
tactile information with time vectors, enabling the neural
network to better understand the physical properties of

objects through the tactile glove.

5 Conclusions

This paper presented a low-cost object recognition

system that consisted of a tactile glove, a signal
acquisition circuit, and a deep learning-based CNN
model. The tactile glove featured the integration of both
a palm pressure sensor array and a joint bending strain
sensor array to simultaneously perceive the contact
pressure and bending strain of fingers during object
grasping. The cooperation of the pressure and bending
strain tactile information facilitated the tactile glove with
enhanced recognition precision. The signal sampling
circuit was designed based on the virtual grounding
principle to suppress crosstalk among the two-
dimensional resistive array and collect high-precision
tactile images. The SP-ResNet model, optimized for
single-channel grayscale tactile images, was developed
for object recognition based on tactile information.
Through a series of object recognition experiments, the
presented object recognition system succeeded in
achieving a recognition precision of 95.50% by
combining both bending and pressure information. The
developed tactile system with excellent sensing abilities
and high signal processing capabilities demonstrated its
potential applications in various fields, such as human-

machine interaction and intelligent prosthetics.
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