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SUMMARY
Tactile perception is important for the robots to understand their working environment. While in real-world
applications, robots usually must face unexpected changes in external conditions, such as the re-installation
of the robot end effector or the change of the installation location. Consequently, the collected tactile material
data tend to vary to a certain extent, which brings great difficulties to the tactile perception. To handle this
problem, different from the former studies of tactile perception in enclosed environments, this study focuses
on the tactile material recognition task using robot electronic skin in open scenes. We construct a cross-
batch tactile dataset to simulate open scenes and propose the multi-receptive field attention enhancement
network (MRFE) to handle tactile material recognition. Comparedwith other machine learning algorithms, ex-
periments show that the proposed method overcomes the problem of data drift caused by changes in
posture, contact force, sliding velocities, exploratory motions, and assembly conditions.
INTRODUCTION

The sense of touch is one of the essential ways of human inter-

action. The tactile sensors provide robots the ability to perceive

the real environment, stay away from potentially destructive ef-

fects, and acquire information for subsequent tasks such as

hand manipulation.1 From the 1980s, researchers began to

design tactile sensors and proposed measurements based on

force-sensing resister, capacitive, piezoelectric, and other work-

ing principles.2 Since electronic skin has excellent characteris-

tics of softness, ease of adhesion, and humanoid feeling, it has

become the mainline of today’s tactile sensing equipment.3

In recent years, tactile sensors have promoted further explora-

tion of material recognition,4 grasping,5 pressure and tempera-

ture sensing,6 and other aspects.7 Among these applications,

material recognition is a mandatory capability for some types

of robot systems, such as service robots, medical robots, and

exploratory robot systems.8 However, the safe and efficient

operation of these robots in unstructured environments remains

to be a key research area. The difficulty of this task lies in the

challenges caused by the complexity of the environment,

the hard interpretation of sensor data, and the uncertainties in

the integration of various systems. Thus, there arises an urgent

need for precise and stable tactile perception to deal with

open scenes that may change at any time. In previous works
iScience 28, 112330, M
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on tactile material recognition, many studies attempted to build

tactile perception frameworks based on diverse machine

learning algorithms9–13 and achieve excellent performance.

However, most of the relevant research work was carried out

in enclosed environments,14 which means strictly controlled

experimental settings with fixed speeds and forces. An example

is that in Ref.10, researchers used a constant speed tomove over

the materials. To the best of our knowledge, there are only two

papers considering the impacts of the disassembly and assem-

bly of the experimental devices. In Ref.9, authors tried sensor

relocation offsets to construct datasets at different levels of dif-

ficulty. And their experiments showed that the sensor relocation

offsets caused a sharp decrease in the tactile material recogni-

tion performance of the proposed model. Another work by

Chen et al.15 also explained that the introduction of tactile

elastomeric substrate would bring uncertainty to tactile data.

Furthermore, Liu et al. used generative adversarial networks

(GANs) to synthesize open-set samples as unknowns in Ref.16,

to better handle the open space risk.

To solve the tactile inconsistencies problem, an intuitive way is

to consider the robot kinematics for calibration operations,

which includes calibration of robots and sensors. The robot cali-

bration technique makes it relatively easy to obtain higher posi-

tioning accuracy. But for the array tactile sensor, the measure-

ment error is about ±10%, and there are common problems
ay 16, 2025 ª 2025 The Author(s). Published by Elsevier Inc. 1
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Figure 1. Experimental settings

(A) The tactile sensor.

(B) The tactile data collection unit.

(C) Eight types of test materials: M1 coarse towel, M2 crocodile pattern, M3 relief cloth, M4 sponge, M5 horizontal fabric, M6 linen, M7 gauze, and M8 diamond

pattern.

(D) The tactile data collection unit installed on the UR5 robotic arm collected data (the length bar is 5 cm).
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such as creep and reuse errors.17,18 What makes it worse is that

there is no standard calibration method for tactile sensors

mounted on robots so far.

This study tries to extend the tactile perception problem from

the enclosed scenes to the open scenes, serving as the first

attempt at the challenges of the material tactile perception un-

der changed conditions. This study simulates the situations of

identifying tactile material using robot arms in open scenes,

and the 44 3 44 array of tactile data is obtained with the elec-

tronic skin fixed on the robotic arm, touching seven types of

fabrics with changing positions and forces. Different from the

traditional experiment settings, our experiments are conducted

under various initial conditions to collect different batches of

data, such as re-disassembling the electronic skin or the end

effector and changing the exploratory motions. This can simu-

late the actual working scenario that the robot’s tactile percep-

tion would face in the real world. Data analysis and further ex-

periments show that the features of different types of fabrics

fluctuate greatly across different batches of tactile data, and

it is difficult to directly handle the cross-batch tactile data

by using conventional neural network models, such as

ShuffleNet and ResNet, in the training of a single enclosed

environment.

This study proposes the multi-receptive field attention

enhancement network (MRFE) to explore a robust tactile percep-

tion model for open scenes. By increasing the diversity of

attention areas through different receptive fields and different

attention modules from two paths, an attention enhancement

mechanism is designed to strengthen important feature subsets,

and the uncertainty of each path’s output is quantified so that the

prediction from two paths is reweighted and fused based on cor-

responding uncertainty.
2 iScience 28, 112330, May 16, 2025
In summary, the main contributions of this paper include the

following:

(1) A cross-batch tactile dataset under the change of initial

experiment conditions to simulate open scenes. This

breaks existing assumptions of the enclosed experi-

mental settings limited to the same strict initial experi-

mental conditions.

(2) A deep-neural-network-based solution for accurate ma-

terial recognition in open scenes, i.e., under various un-

known conditions (different poses, contact forces, sliding

velocities, exploratory motions, and assembly condi-

tions).
Related work
The interpretation of tactile sensor readings is closely bound up

with the sensors used.19 Most research in tactile material recog-

nition was carried out using multi-modal tactile sensors or high

spatial resolution tactile arrays analogous to human fingertips

for tactile sensing.20 For the original tactile sensor readings,

some researchers designed tactile descriptors to carry out

feature expression and then appliedmachine learning algorithms

to recognize diverse materials.21

Fishel et al.22 used a testbed equippedwith the BioTac, a high-

ly sensitive multimodal tactile sensor, for exploring 117 textures

by slidingmovements. Based on some related experiments, they

chose three combinations of force and speed as the best explor-

atory movements. That is 1.26 N and 1 cm/s for discrimination

based on traction, 0.2 N and 6.31 cm/s for discrimination based

on roughness, and 0.5 N and 2.5 cm/s for discrimination based

on fineness. Based on the features of traction from motor



Figure 2. The illustration of experiment set-

tings

(A) The robot arm with 6� of freedom ðq1;q2; q3; q4;
q5;q6Þ.
(B) The tactile data collection unit, containing the

e-skin on the double-layer foamed silicone rubber.

(C) The installation of the tactile data collection unit

on the robot arm.

(D) Sliding exploration: using the robot arm sliding

upward from the bottom (P1) with the fixed force to

collect Batch 1 data; pressing exploration: using a

new initial pose (P2), and the motions change from

slide to press with different forces, to collectBatch

2 data.

(E) Pressing exploration: using an random initial

pose (P3), with other setting keeping the same as

those for Batch 2 to collect Batch 3 data. The

length bar is 5 cm in all sub-figures.
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current, roughness, and fineness, the method obtained an accu-

racy of 95.4%. However, the sample data were sampled under

the precisely controlled testbed, and another work23 showed

that the performance declined dramatically when transferred to

a real robotic setup.

Kaboli et al.13 designed a set of basic tactile descriptors to

represent the statistical properties of tactile signals in time do-

mains, activity, mobility, and complexity. In the experiment

setup, they deployed BioTac on the fingertips of the Shadow

Hand sliding on the material for data collection. The maximum

contact force was strictly controlled at 3 N, and the maximum

sliding speedwas 4 cm/s. Based on the designed tactile descrip-

tors, the proposed SVM successfully classified 120 materials

with an accuracy of 100%. Results showed that the proposed

tactile descriptors were robust enough to ignore the distinction

of tactile sensing technology. However, such tactile descriptors

were invariant only for a particular exploration movement and the

corresponding parameters.

Recently, much research began to deploy deep learning

methods to automatically learn the self-organizing features of

original tactile sensor readings. Baishya et al. were the first to

apply deep learning to tactile material recognition.9 In their
experiment, the Tekscan 4256E sensor

patch was connected to the robot’s left

thumb and slid on the tube material at

a constant speed of 3 cm/s, with the

contact force controlled at about 1 N. It

is noteworthy that three datasets of

different classification difficulty levels

were constructed: (1) T-LAB recorded

once through sensor connection without

repositioning; (2) T-REAL removed and

reconnected the sensor several times

with as high a repositioning accuracy

as possible; (3) T-HARD repositioned

the sensor again, but with an offset

about 4 mm and a more significant

spatiotemporal signal change. When

the T-REAL-based model was trans-
ferred to T-HARD for testing, the accuracy obtained by other

classifiers would decrease to 70%, whereas the deployed

CNN could reach 91.7%, showing certain robustness to sensor

relocation errors. Besides, Fang et al. proposed a CNN inte-

grated with attention mechanism to accomplish the defect

detection task, with the frequency domain filtering weakening

the influence of fabric texture information.24

Researchers10 proposed a fast texture classification frame-

work by utilizing a spiking neural network (SNN) to learn from

the neural coding of the conventional tactile sensor readings.

The SynTouch BioTac sensor25 was used to move at a con-

stant speed of 2.5 cm/s over a linear trajectory of 20 cm,

reaching the best speed given for texture classification22

with a limited force range of 0–2 N. With this setup, 20

different types of materials were collected with 50 samples

in each type. The authors also used the iCub RoboSkin tactile

sensor26 to collect data without strict force and speed control.

The accuracy score of the proposed framework in the BioTac

dataset was about 94%, whereas the accuracy score of the

RoboSkin dataset was 92.2%, lower than that of LSTM but

much higher than that of SVM. The authors considered that

the reason that lay in BioTac’s data collection setup was
iScience 28, 112330, May 16, 2025 3



Figure 3. The similarity of three batches by

using Batch 1 data as the benchmark

M1–M8 represent 8 materials: coarse towel,

crocodile pattern, relief cloth, sponge, horizontal

fabric, linen, gauze, and diamond pattern.
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much more rigorous than that of RoboSkin’s and thus pro-

vided a very clean dataset.

These studies all employed a single exploratory motion, such

as touch or slide over materials for tactile sensing. A recent

study27 considered a combination of sliding and touch move-
Figure 4. Some examples of collected data in the coarse towel class o
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ments for tactile recognition. In this study,27 Taunyazov et al.

used the iCub robot to explore the materials fixed on a non-

deformable metal surface, and taxels on the iCub forearm can

obtain tactile information. For touch movements, the robotic

shoulder joint angle was altered from 87� to 93� with angular
btained under different conditions



Table 1. The Dunn indices of different class pairs

M1 M2 M3 M4 M5 M6 M7 M8

M1 – 4.65 2.23 2.34 3.58 3.76 2.84 5.43

M2 – – 4.15 3.26 3.67 8.12 5.17 9.25

M3 – – – 2.25 2.05 5.10 3.08 3.73

M4 – – – – 1.76 3.18 2.20 3.26

M5 – – – – – 3.05 2.81 4.43

M6 – – – – – – 4.85 8.15

M7 – – – – – – – 5.08
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velocity 1�=s, whereas the elbow joint angle changed from 90�

to 30� with angular velocity 5�=s for sliding movements. Three

ML models, SVM, SVM-LSTM, and CNN-LSTM, were trained

with touch, sliding, and a combination of touch and sliding

data. And the results showed that different texture characteris-

tics were obtained during touch and slide, and the texture

recognition performance of models can be improved by

combining touch and slide datasets for training. Although joint

data training is a proper solution, it does not take the impact of

different movement ways, such as touching and sliding, into

consideration. For example, when the model embedded in a

robot is trained on a single slide dataset, but the robot needs

to explore the environment with a single quick touch, this

type of tactile perception across exploratory motions remains

a challenging problem.

In most cases, the state-of-the-art approaches are

executed under precisely controlled experimental settings

with the constant velocity, force, and a single exploratory mo-

tion.28 Some researchers9,22 reported that the recognition re-

sults would deteriorate when the models trained under the

controlled laboratory settings were applied to more realistic

robotic setups. In their work,29 Yang et al. used a transfer

learning model to handle the changed data in different exper-

imental conditions. Although, there is still no further explora-

tions for this problem. And in this study, we try to tackle the

open scenes with a deep neural network model that fits

various changing conditions, such as different poses, contact

forces, sliding velocities, exploratory motions, and assembly

conditions.
Experiment settings
The setup of the robot arm

We use electronic skin (Pressure Mapping Sensor 5076, Teks-

can, USA) to obtain tactile data, as shown in Figure 1A. In Fig-

ure 1B, a tactile data collection unit is designed to attach the
Table 2. Texture classification accuracy scores

Models 2 cm/s_val 4 cm/s 6 cm/s 8 cm/s

ShuffleNet 99.93 ± 0.04 75.21 66.71 56.06

ResNet 100.00 ± 0.00 80.83 67.25 64.35

DenseNet 99.76 ± 0.00 88.00 81.60 84.71

GCPL 99.82 ± 0.02 86.35 79.27 80.42

STAM 99.97 ± 0.01 85.42 82.43 79.64

MRFE(ours) 100.0 ± 0.00 90.25 84.63 83.25
sensor to the end of the robotic arm. The sensor is character-

ized by light weight, thin thickness, flexible, and easy confor-

mation. To enhance the imaging quality when the e-skin is in

contact with the material,30 a double-layer foamed silicone rub-

ber is added under the e-skin. The first layer is close to the

e-skin, the shape is consistent with the e-skin, and the thick-

ness is 5 mm. The second layer is a cylinder with the diameter

of 25 mm and the thickness of 5 mm. The e-skin and double-

layer foamed silicone rubber are pressed on the plane plate

of I-shaped structure to form a convex structure. The array

sensor has 44 3 44 sensing units, a spatial resolution of 27.6

cells/cm2, and a pressure range of 50 PSI. The e-skin can be

set to obtain data at the fastest rate of 10 ms/frame, and ob-

tained data are in the form of a list with 1936 rows. The data

are reorganized and converted into a 44 3 44 matrix, repre-

senting a tactile image.

At the same time, a data acquisition card (DAQ)31 is used to

collect data with a high acquisition frequency of 100 Hz. The

data acquisition card is installed in the reserved space of

I-shaped structure. The tactile data collection unit is installed

on a 6-DOF robotic arm (UR5, Universal Robots, Denmark),

which is characterized by its lightness. It can perform repeti-

tive tasks with a load of up to 5 kg and a repeatability

of ±0.03 mm.

Eight types of square sticks made by different materials

with the same shape are chosen, as shown in Figure 1C.

The different types of materials are selected under the consid-

eration that the selected material should contain intact

and regular texture patterns, so that it can support stable

tactile data.

For exploration, different sticks are clamped by a bench vice in

turn, as shown in Figure 1D. The data collection unit is installed in

the robot arm, which has 6� of freedom. In this way, the robot arm

moves and touches the stick to generate the tactile data, which

is collected for tactile material recognition.

Cross-batch data collection and analysis

To simulate the data diversity brought by open scenes, we

change the poses of the robotic arm before obtaining each batch

of data. First, q5 and q6 are changed in the joint angle control

parameter q ðq1; q2; q3; q4; q5; q6Þ of the robotic arm (see Fig-

ure 2A), which are the closest to the data collection unit

and have the greatest impact on tactile data imaging. And

then z is changed by the pose P ðx; y; z;Rx;Ry;RzÞ of the end

effector of the robotic arm. After adjusting the parameters, the

data are collected again by pressing various materials. Through

the above two steps, the style of obtaining sample data is greatly

changed. The force reflected by the e-skin is the sum of the force

values of all the sensing points:

FðtkÞ =

2
4
f0;0ðtkÞ/

«1
fN;0ðtkÞ/

f0;MðtkÞ
«

fN;MðtkÞ

3
5 (Equation 1)

fi;jðtkÞ is the force value reflected by the sensor unit in row i and

column j at time tk . N and M represent the rows and columns

of the e-skin. To simplify the data collection process, the resul-

tant force value embodied by the e-skin is used as its interaction

force in contact with the material.
iScience 28, 112330, May 16, 2025 5



Figure 5. The confusion matrices obtained

by MRFE trained on a dataset sampled at

2 cm/s and tested on datasets with different

velocities

(A) 2 cm/s.

(B) 4 cm/s.

(C) 6 cm/s.

(D) 8 cm/s.
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We collect three batches of tactile data based on the tactile

sensor, and the data collection process is given as follows:

(1) Batch 1: the robotic arm initially presses the bottom area

of the material with nearly 10 N force and then slides up-

ward from the bottom with touching the material for 2 s.

Every sample includes 200 frames. To avoid duplication

of information, a frame of tactile image is taken every 50

frames. In this way, we get 150 samples at each kind of

arm movement speed, and there are four kinds of move-

ment speeds for data collection: 2 cm/s, 4 cm/s, 6 cm/s,

and 8 cm/s. The experimental platform is shown in Fig-

ure 2A.
Table 3. Texture classification accuracy scores

Models 2+4+6 cm/s_val 8 cm/s

ShuffleNet 98.19 ± 0.33 88.04

ResNet 99.98 ± 0.01 96.94

DenseNet 98.86 ± 0.00 97.71

GCPL 100.00 ± 0.00 96.32

STAM 99.97 ± 0.01 95.26

MRFE(ours) 100.00 ± 0.00 97.75

6 iScience 28, 112330, May 16, 2025
(2) Batch 2: remove and reinstall the

sensor, with fixing the table andmate-

rial used in Batch 1. The initial pose of

the robotic arm is changed, and the

exploratory motions of sampling

change from slide to press compared

with that ofBatch 1. After pressing the

materials, the tactile data are re-

corded as 1 frame. Four kinds of

forces are deployed for data collec-

tion respectively: 2 N, 5 N, 7 N, and

10 N. And 150 samples are gathered

for each force, as shown in Figure 2B.

(3) Batch 3: remove and reinstall the

sensor, with fixing table and material

used in Batch 2. The initial pose of

the robotic arm is also changed

compared with that of Batch 1 and

Batch 2. The sampling strategy is

the same asBatch 2, but 450 samples

are recorded for each force, as shown

in Figure 2C.

The SSIM32 measurement is used to

represent the average structural similarity
index between two images. The larger SSIM index indicates the

higher similarity between the two images. Its definition is given as

follows:

SSIMðx; yÞ =

�
2mxmy+C1

��
2sxy+C2

�
�
m2
x+m

2
y+C1

��
s2
x+s

2
y+C2

� (Equation 2)

mx and my represent the mean values of images x and y, respec-

tively, whereas s2x and s2y represent the variances of images x and

y. sxy is the covariance of images x and y. c1 = ðk1LÞ2,
c2 = ðk2LÞ2 are two constants. Generally, k1 = 0:01, k2 =

0:03, and L = 255.

The SSIM measurement is deployed to evaluate the similarity

among different batches. First, we select the benchmark images

of each category in Batch 1 data and then calculate the similarity

of samples in each category in Batch 1. Then we calculate the

similarity of Batch 2 and Batch 3 data, respectively, by the com-

parisons with the benchmark images of Batch 1. For example,

given a rough towel image x of Batch 1 data as the benchmark,

yi, mi, and ni represent the images of rough towel of Batch 1 (x

excepted), Batch 2, and Batch 3 data, respectively. SSIMðx; yiÞ
is calculated with all remaining rough towel images yi from Batch

1 data, and the mean value of SSIMðx; yiÞ is taken as the internal



Figure 6. The confusion matrices obtained

by MRFE with being trained on the joint da-

taset sampled at the velocity of 2 cm/s, 4

cm/s, and 6 cm/s

(A) The test results on the joint dataset with three

types of velocities; (B) The test results on the da-

taset sampled at 8 cm/s.
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similarity of rough towels from Batch 1. Similarly, a benchmark

image x is compared one by one with images mi and ni from

the other two batches to calculate the mean SSIMðx;miÞ and

the mean SSIMðx; niÞ, as the cross-batch similarity based

on the Batch 1 data.

As shown in Figure 3, the vertical axis represents image simi-

larity. The Batch 1 data have four highly similar categories (M2,

M5, M6, M7, and M8), with a similarity greater than 0.7. In

contrast, the similarity of Batch 2 and Batch 3 data to the bench-

mark image decreased significantly, and some categories’ sim-

ilarity is even lower than 0.3. This indicates that the distribution of

features varies greatly among different batches in the same cate-

gory. In the comparison of the cross-batch images, the de-

creases of similarity of M1, M3, and M4 reach the highest levels,

indicating that these classes are more difficult in the cross-batch

recognition task than others.

Figure 4 shows some examples of the collected coarse

towel data on different batches of data. It is found that the

data collected under the same conditions (the same force

and pose) tend to be very similar (Figure 4A). Therefore, the

data in the close environment are easy to be identified. How-

ever, with different poses or forces, the data collected in

different batches would be quite different (Figures 4B and

4C). And the higher difference of conditions leads to higher di-

versity in the data of the same category. Consequently, the

identification of such diverse data would become a hard prob-

lem. And the higher difference in the settings leads to higher

diversity in data.

Moreover, the small margins among different classes means

that the identification of different classes would be difficult and
Table 4. Texture classification accuracy scores

Models 2+5 N_val 6 N 7 N 8 N 9 N 10 N

ShuffleNet 99.25 ± 0.52 96.06 91.03 86.44 68.06 54.13

ResNet 99.98 ± 0.01 99.83 99.14 98.44 94.36 90.75

DenseNet 99.05 ± 0.01 99.72 99.06 96.33 92.92 92.63

GCPL 99.52 ± 0.01 99.81 99.25 97.32 93.26 93.44

STAM 99.63 ± 0.01 99.77 99.42 98.25 94.13 94.36

MRFE(ours) 99.81 ± 0.09 99.92 99.47 98.14 95.75 95.50
complex. To better quantitatively analyze

the overlapping of different classes, the

Dunn index33 is adopted to evaluate the

intra-class distance by
D =
min

1% k% k0 %m
dminðCk ;Ck0 Þ

max
1% l0 %m

diamðCl0 Þ (Equation 3)

where m is the number of clusters, and dminðCk ;Ck0 Þ measures

the degree of dispersion between any two clusters Ck and Ck0 .

diamðCl0 Þ measures the intra-class distance within class Cl0 .

Therefore, a smaller Dunn index means the harder classification

task.

The Dunn indices between every class pair of Batch 1 are given

in Table 1, showing that the Dunn indices of different class pairs

vary greatly. It indicates that the data of different classes vary

across different classes in the training set. Although data of M2

are quite different from that of M8, the data of most of classes

are close to each other. So they are easy to be misclassified to

each other, indicating that the discernibility of tactile data of

different categories in the same batch is poor, and some cate-

gories have similar data distributions. The reason lies in that the

similarity between the texture features of the two types of mate-

rials reveals the similar shapes of the corresponding tactile data.

RESULTS AND DISCUSSION

In this section, we present the experimental results of the pro-

posed model and other comparable models (ShuffleNet,34

ResNet,35 DenseNet,36 GCPL,37 and STAM38) on three datasets

with different degrees of openness. In the following sections, we

discuss the influence of pressing force and sliding speed on ma-

terial recognition and the generalization ability of models,

respectively. Further, we also explore material recognition

across batches of data that are closer to the real scene and verify

the robustness of the proposed model.

The cross-velocity experiments
The cross-velocity experiments are conducted on the Batch 1

data that are sampled at four sliding speeds over materials for

2 s: 2 cm/s, 4 cm/s, 6 cm/s, and 8 cm/s. The first group of exper-

iments is obtained by training on a dataset sampled at the low

sliding velocity of 2 cm/s and testing on the remaining three data-

sets with higher sampling velocity. The second group of experi-

ments is conducted by training on the joint dataset sampled at

several sliding velocities of 2 cm/s, 4 cm/s, and 6 cm/s and

testing on the dataset with a sampling velocity of 8 cm/s. Each

training data is split into the training and validation sets at 2:1

proportion.
iScience 28, 112330, May 16, 2025 7



Figure 7. The confusion matrices obtained

by models trained on the joint dataset

sampled at the forces of 2 N and 5 N

(A) The confusion matrix obtained by ShuffleNet

on the dataset with a 10 N sampling force.

(B) The confusion matrix obtained by ResNet on

the dataset with a 10 N sampling force.

(C) The confusionmatrix obtained by DenseNet on

the dataset with a 10 N sampling force.

(D) The confusion matrix obtained byMRFE on the

dataset with a 10 N sampling force.
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It can be seen from Table 2 that when the models trained and

tested on the dataset gathered at the same velocity, their accu-

racy scores are over 99%. But their performance cannot be

maintained at the same level when the test data are obtained

at other velocities. Due to the diversity of data obtained at

different sampling velocities, it is difficult for a model trained on

a dataset sampled at a single velocity to be directly used to pre-

dict the dataset collected at other high velocities. From Table 2,

the accuracy of ShuffleNet and ResNet on the dataset sampled

at the velocity of 8 cm/s is only 56.06% and 64.35%, respec-

tively. In contrast, DenseNet, GCPL, and STAM can reach better

accuracy score of 84.71%, 80.42%, and 79.64%, generating

higher performance on different velocities, whereas the pro-
Table 5. Texture classification accuracy scores

Models Batch 1_val Batch 2 Batch 3

ShuffleNet 99.30 ± 0.96 59.79 46.43

ResNet 100.00 ± 0.00 85.46 63.17

DenseNet 99.42 ± 0.01 80.35 66.83

GCPL 99.94 ± 0.01 86.81 72.73

STAM 99.96 ± 0.01 88.57 70.62

MRFE(ours) 100.00 ± 0.00 88.50 75.50
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posed MRFE model achieves the highest

accuracy score of 83.25%, confirming

the effectiveness of our model.

Figure 5 presents the recognition accu-

racy of each material category. From Fig-

ure 5B, in the prediction of the dataset

sampled at the velocity of 4 cm/s, the

confusion between M1 (coarse towel),

M4 (sponge), and M7 (gauze) is the main

reason for the overall accuracy decline,

and the recognition accuracy of M1 is

only 52%, and 45% of M1 samples are

misclassified to M4. This is caused by

the similar roughness characteristics of

rough towel and sponge, and this similar-

ity leads to a higher difficulty level in the

prediction of cross-velocity datasets.

This also appears in the prediction of

the dataset sampled at the velocity of

6 cm/s and 8 cm/s where the recognition

accuracy of M1 is 75% (see Figure 5C)
and M4 is 63% (see Figure 5D). In (Figure 5C), due to the similar

periodic texture of M6 (linen) and M8(diamond pattern), 44% of

diamond pattern aremisclassified as linen. In Figure 5D, because

M2 (crocodile pattern) and M3 (relief cloth) have irregular texture

patterns, the tactile information obtained from different touch di-

rections is very different, resulting in a slightly worse recognition

accuracy of 83% and 80%, respectively, in the dataset sampled

at 8 cm/s.

In Table 3, it is found that compared with Table 2, the accuracy

of prediction on the dataset sampled at the velocity of 8 cm/s has

been improved to a certain extent by combining multi-speed da-

tasets for model training. The joint multi-speed datasets contain

more diverse tactile information, and the dataset with similar

sampling velocity may have similar features, which helps to

improve the recognition accuracy of the dataset with higher

sampling velocity. The confusion matrix obtained by MRFE

trained on the joint dataset sampled gets 100% accuracy

when tested at the joint dataset with three types of velocities,

as shown in Figure 6A. The fusion of different data produces a

surprisingly high result.

In this experiment, all models except for the ShuffleNet

perform well, achieving close accuracy on the dataset collected

at 8 cm/s speed. Compared with the results in Table 2, the test

results are all improved, and the reasonmay lie in the larger scale



Figure 8. The confusion matrices by MRFE

trained on Batch 1 data

(A) The confusion matrix on the Batch 2 data.

(B) The confusion matrix on the Batch 3 data.
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of training data. Whereas it is found that our model can still

generate the best performance in this case. Compared with

the results in Figures 6B and 5D, the performance of the model

trained on the joint datasets has been greatly improved in the

prediction of M2 (crocodile pattern), M3 (relief cloth), M4

(sponge), and M8 (diamond pattern), with an accuracy score

higher than 98%. It is because these textures are more concave

and convex than others.

The cross-force experiments
The cross-force experiments are conducted on the Batch 3 data

that are collected by pressing the materials with four forces: 2 N,

5 N, 7 N, and 10 N. To better observe the robustness of models

on the variable forces, data collected under the force of 6 N, 8 N,

and 9 N are added to this experiment as test sets for evaluation.

The experiment is conducted by training on the joint dataset

sampled at two forces of 2 N and 5 N and testing on the dataset

with other higher sampling forces of 6 N, 7 N, 8 N, 9 N, and 10 N.

The training data is also split into the training and validation sets

at 2:1 proportion.

From Table 4, in the prediction of datasets collected under

6–10 N forces, the accuracy of the model trained with low sam-

pling force data to predict larger sampling force data shows a
declining trend, dropping from 96.06%

to 54.13% in ShuffleNet and 90.75% in

ResNet in the material recognition

accuracy of 10 N sampling strength

data. This may be due to the poor quality

of the tactile image obtained by pressing

thematerial with low force, with fuzzy and

incomplete edge information. Whereas

the remainingmodels promise better per-

formance regardless of the change of
forces, and in nearly all cases, our model achieves the best

performance.

As can be seen from Figure 7, ShuffleNet and ResNet only have

4% and 61% recognition accuracy of M5 (horizontal fabric), and

most samples are misclassified into M2 (crocodile pattern). We

find that the crocodile pattern has an irregular shape, and some

tactile image samples obtained by pressing it with a small force

only contain the local texture of crocodile pattern, which has a

certain similarity with the local pattern of horizontal pattern, so

the model is easy to confuse these two materials. In addition,

due to the similar roughness between rough towel and sponge,

31% of the M4 (sponge) samples are still misclassified as M1

(rough towel) in the material recognition of 10 N sampled data by

DenseNet. MRFE has satisfactory robustness and can still effec-

tively extract category features evenwhen the change of sampling

intensitycauses thechangeof tactile features, thusmaintaining the

overall accuracy of up to 95%. In this experiment, the overall per-

formance of MRFE is better than that of DenseNet.

The cross-batch experiments
The cross-batch experiments are conducted on three different

batches of tactile data. Each group of experiments is obtained

by training on one batch of data and testing on the remaining
Figure 9. The confusion matrices obtained

by MRFE trained on Batch 2 data

(A) The confusion matrix on the Batch 1 data.

(B) The confusion matrix on the Batch 3 data.
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Figure 10. The confusionmatrices obtained

by MRFE trained on Batch 3 data

(A) The confusion matrix on the Batch 1 data.

(B) The confusion matrix on the Batch 2 data.
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two batches. Furthermore, we split each training data into the

training and validation sets at 2:1 proportion.

From Table 5, it is found that the models trained on different

batches perform differentially. For example, the accuracy of

ShuffleNet in Batch 1 validation set is 99.30%, whereas it

drops sharply to only 46.43% on Batch 3 data. This may be

caused by systematic errors in the disassembly and assembly

process of the robotic arm, which leads to a considerable dif-

ference in different batches. DenseNet’s performance is supe-

rior to other models, but its accuracy on the Batch 3 data only

reaches 66.83%. In comparisons, GCPL and STAM perform

better than those of DenseNet on Batch 2 and Batch 3.

Further, MRFE gets the best performance with 88.50% and

75.50% accuracy scores, respectively, on the Batch 2 and

Batch 3 data. This means that MRFE can effectively correct

the class overlapping problem in the prediction and improve

the material recognition accuracy in other different batches.

The results reveal that the difference among different batches

seriously deteriorate the performance of all models, making

the classification task even harder. Therefore, different condi-

tions on data collection process remain great challenges for

the tactile recognition task. Whereas MRFE performs best in

all batches.

From Figures 8, 9, and 10, we can find the more specific

recognition accuracy of each material category. In Figure 8,

the proposed MRFE model trained with Batch 1 data obtains

higher accuracy rates in almost all categories on the other

two batches. The worst result is M7 (gauze), which gets an ac-

curacy score of 35% on the Batch 3 data. The reason is that
Table 6. Texture classification accuracy scores

Models Batch 2_val Batch 1 Batch 3

ShuffleNet 98.21 ± 1.12 60.38 47.17

ResNet 99.64 ± 0.06 84.07 50.35

DenseNet 99.31 ± 0.01 80.51 75.26

GCPL 99.82 ± 0.01 83.18 76.75

STAM 99.53 ± 0.01 84.75 74.96

MRFE(ours) 99.88 ± 0.02 85.63 77.13
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gauze and coarse towel are very similar

in tactile roughness, making the classifi-

cation results poorer than those of other

classes.

FromTable 6, it is found that the perfor-

mance of these models trained on Batch

2 data also declines when transferred to

Batch 1 or Batch 3 data. It is worth noting

that the best accuracy of these models

trained on Batch 2 data gets a higher

score of 77.13% on the Batch 3 data
compared with that of the model trained on Batch 1 data in Ta-

ble 5 (75.50%). This is because Batch 2 and Batch 3 data have

the same fixed sampling pressure, whereas Batch 1 data have

random pressure, and the exploratory motions of sampling

change from press to slide.

As shown in Figure 9, our model performs well with higher ac-

curacy than 75% scores in most cases, except for the M1 class

(coarse towel) and the M4 class (sponge). It is found that some

samples in M4 are misclassified to M1 (coarse towel), M3 (relief

cloth), and M7 (gauze). Figure 3 shows that the similarity of

sponge samples of Batch 2 and Batch 3 is lower than 0.3, which

brings great difficulty to the cross-batch prediction. In addition,

the similar rough tactile impression of M1 (coarse towel), M4

(sponge), and M7 (gauze) is also the reason for the decline in

the overall accuracy.

As shown in Table 7, the performance of ShuffleNet and

ResNet models decreases greatly in the prediction of other

batches of datasets. In contrast, GCPL andSTAMperform better

with higher accuracy scores on both Batch 2 and Batch 3,

whereas MRFE maintains relatively high generalization perfor-

mance, with an accuracy at 77.38% and 78% in Batch 1 and

Batch 2 data, respectively. In Figure 10, the performance of

MRFE on M4 (sponge) on Batch 1 and Batch 2 data is 3% and

17%, respectively. As mentioned earlier, the similar tactile

roughness of sponge and coarse towel determines the

indiscernibility.

Ablation studies
In MRFE, two modules are used: spatial attention enhancement

(SAE) and coordinate attention enhancement (CAE). The effec-

tiveness of SAE and CAE in MRFE is verified based on the abla-

tion experiments.

It should be noted that SAE is used to extract key spatial fea-

tures, providing the attention weights from spatial dimensions,

and CAE acquires the global characteristics in the horizontal

and vertical directions. Because of different working principle,

SAE and CAE would extract different features and output

diverse predictions for decisions. The experiments are con-

ducted on the cross-velocity data and the cross-batch data,

respectively.



Table 7. Texture classification accuracy scores

Models Batch 3_val Batch 1 Batch 2

ShuffleNet 99.33 ± 0.52 44.57 60.21

ResNet 99.70 ± 0.05 46.17 60.25

DenseNet 99.61 ± 0.00 65.20 71.79

GCPL 99.84 ± 0.01 68.23 75.94

STAM 99.79 ± 0.01 72.86 76.73

MRFE(ours) 99.91 ± 0.03 77.38 78.00

Table 9. Texture classification accuracy scores

Models 2+4+6 cm/s_val 8 cm/s

MRFE(wo SAE) 97.92 ± 0.02 95.65

MRFE(wo CAE) 99.04 ± 0.01 96.23

MRFE(ours) 100.00 ± 0.00 97.75
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The cross-velocity experiment is set as in The cross-batch ex-

periments section. In Table 8, MRFE(wo SAE) and MRFE(wo

CAE) represent the case in which our model work without the

SAE module and CAE module, respectively.

It is found from Table 8 that when the MRFE models (with or

without SAE and CAE) are trained and tested on the dataset

gathered at the same velocity, their accuracy scores are all

higher than 98%. The reason mainly lies in that the data distribu-

tion of those collected at the same velocity is similar, so it is a

relatively easy task. And using a single module would affect

the performance of MRFE, which is not kept at the same level

when testing at different velocities. The diversity of data obtained

at different velocities makes it a hard task for each module to

handle solely. However, due to the different working principles,

the SAE and CAE modules extract diverse features and produce

different predictions. Consequently, by combining diverse deci-

sions, MRFE can produce more robust results. Although its per-

formancewould still drop when testing on data of different veloc-

ities, it still exhibits higher generalization ability and produces the

highest prediction results compared with those using a module

solely.

A similar conclusion can be found in Table 9 when

combining the data of three different velocities as the training

data. It is obvious that with more training data, both MRFE(wo

SAE) and MRFE(wo CAE) perform much better compared with

the previous case. And their performances are higher than

that of STAM. However, with a single module, MRFE cannot

perform better than GCPL. In contrast, with both modules,

MRFE outperforms other models, confirming that the fusion

of two diverse modules promises the highest generalization

ability.

Table 10 lists the results obtained by the cross-batch setting. It

is found that the models trained on different batches perform

differentially. As observed before, each model performs well on

Batch 1 validation set, but the results drop sharply on Batch 3

data due to the system drift in the disassembly and assembly

process of the robotic arm. The use of a single module still leads

to slightly lower results. And the deployment of both modules
Table 8. Texture classification accuracy scores

Models 2 cm/s_val 4 cm/s 6 cm/s 8 cm/s

MRFE(wo SAE) 98.31 ± 0.02 83.46 78.74 78.15

MRFE(wo CAE) 99.65 ± 0.01 84.52 80.79 78.46

MRFE(ours) 100.0 ± 0.00 90.25 84.63 83.25
gets the best performance on both Batch 2 and Batch 3 data,

showing that the construction of MRFE can better handle the

material recognition problem with higher generalization ability

in the case of cross-batch situation.

In short, the success of our model mainly lies in the fusion of

SAE and CAE modules. Owing to the different attention mecha-

nisms, SAE and CAE can catch different key features and pro-

duce diverse and accurate predictions. Consequently, the fusion

of the two modules promises higher performance and leads to

more robust results in hard tasks, such as the cross-batch

data prediction.
Conclusions
We discuss the tactile data recognition problem by collecting

three batches of data under changing installation environ-

ments, including the changes in force, speed, pose, and so

on. The SSIM measure shows that three batches of data are

of great distances. To handle the cross-batch tactile recogni-

tion problem, we propose the MRFE, which combines the

spatial attention enhancement module and coordinates atten-

tion enhancement module to extract effective features. The

experimental results show that the proposed method can cor-

rect the feature offset effectively, reaching 88.50% in the best

accuracy of cross-batch generalization and 75.50% in the

worst case.

The shortcomings of our approach mainly lie in two aspects: (1)

the eight types of test materials are all fabric-based materials, so

the data collected in this study are not applicable to other mate-

rials, such as wood and metal. To enhance the research work to

real-world applications, more types of materials should be tried

in the future. Furthermore, there are more experimental settings

that should be extensively studied, including the use of different

types of e-skin and the surface of the data collection unit. (2) The

cross-batch data analysis can be well extended by considering

the difference of feature spaces among different batches, so the

application of transfer learning methods would be a promising

solution.

Therefore, in the future, wewill try to apply the transfer learning

technique to discover the invariance features across different

batches and deal with more diverse generalization challenges

in the field of robotics.
Table 10. Texture classification accuracy scores

Models Batch 1_val Batch 2 Batch 3

MRFE(wo SAE) 99.25 ± 0.02 85.41 73.81

MRFE(wo CAE) 99.71 ± 0.01 84.33 74.07

MRFE(ours) 100.00 ± 0.00 88.50 75.50
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Limitations of the study
The limitation of this study mainly lies in the types of materials

used for tactile recognition, which are solely fabrics. Since

materials possess diverse surface characteristics, experi-

ments on fabrics alone cannot well simulate the open scenes.

Furthermore, the data collection process only involves planar

surface, and the real-world application may also need to

consider the non-planar case. Besides, surface roughness is

also important for perception. In short, more efforts should

be made to collect data under various experiment settings

in the future.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Software and algorithms

Scikit-learn Version 0.24.2 https://pypi.org/project/scikit-learn/0.24.2/

Python Version 3.9.17 https://www.python.org/downloads/release/python-3917/

Matplotlib Version 3.6.3 https://matplotlib.org/3.6.3/

Data The data of this study. https://github.com/MLDMXM2017/MRFE-NN

Code The code for training and

test of our model.

https://github.com/MLDMXM2017/MRFE-NN

Other Items The other items. https://github.com/MLDMXM2017/MRFE-NN
METHOD DETAILS

Methodology
To deal with feature offsets in open scenes, this paper proposes multi-receptive field attention enhancement network (MRFE) to rein-

force important feature subsets.

Overall structure
As shown in Figure 11, the input image first passes through a 33 3 convolution layer to obtain the shared feature F1. Then the network

is divided into two branches, and the input of each branch is F1. The attention feature subsets Fu2 and Fu3 are extracted by two

consecutive spatial attention enhancement modules and transition layers. Fu2, and Fu3 are concatenated into subsequent convolu-

tion layers and average pooling layer to obtain the flattened feature vector Fu4. To enhance the generalization of the proposed model

and quantify the uncertainty of prediction, dropout is adopted on Fu4. And the neuron’s deletion ratio r is set to 0, 0.2, and 0.4 respec-

tively to increase the perturbation and then input into the fully connected layer with Softmax to obtain more diverse prediction results.

The mean output m1 is calculated by the three prediction outputs. The variance is calculated as the uncertainty v1 of this group of

predictions. Similarly, attention feature subsets Fd2 and Fd3 are extracted by two consecutive coordinate attention enhancement

modules and transition layers, and then combined with shared feature F1 to send into convolution layers and average pooling layer

to obtain flattened feature vector Fd4. Also, the mean outputm2 and variance v2 of the three outputs are calculated by using different

dropout ratios for Fd4.
Overall structure of MRFE
Multi-receptive field attention enhancement
The dilated convolution,39 originally derived from the porous wavelet transform of digital signal processing, was later widely used in

the semantic segmentation problem,40–42 which can maintain the desired feature map resolution while expanding the receptive field,

thus replacing down-sampling and up-sampling operations. The dilated rate r represents the stride length when sampling the input

sample, and the standard convolution is a special case of r = 1. To adapt to the material recognition task with different grain sizes of
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texture features, 3 3 3 dilated convolution layers with dilated rate r = 1 and r = 2 are used in the space and coordinate attention

enhancement modules respectively, to change the sampling distance from the center point and obtain multi-scale feature maps un-

der different receptive fields.

To extract key feature subsets, we deployed a spatial attention enhancementmodule to calculate the attentionweights from spatial

dimensions, and reweighted the output to achieve adaptive feature refinement. The specific structure is shown in Figure 12. Batch

Normalization (BN), ReLU, and dilated convolution are deployed on the input to obtain feature vector F. And the average pooling and

maximum pooling are also applied respectively to F to extract the global and characteristic information. These two features are

concatenated and fed into the 7 3 7 convolution layer. After deploying the sigmoid activation function, the spatial attention figure

Ms is obtained, and then calculate tensor product (i.e., ⨂) between feature F and Ms:

Fu = F⨂MsðFÞ (Equation 4)
Spatial attention enhancement module
In the tactile material data, some samples of different classes have similar shape features caused by the robotic arm pressing ma-

terials. If the deep network focuses on the global shape features, it tends to make misclassification. The fine-grained texture features

should be better extracted to facilitate classification. Therefore, we further deploy the coordinate attention enhancement module,

with the specific structure shown in Figure 13. The original coordinate attention mechanism43 adopted the average pooling on the

X-axis and the Y-axis to acquire the global characteristics in the horizontal and vertical directions. For the fine-grained texture clas-

sification in our study, maximum pooling is more conducive to extract significant texture features and reduces the influence of use-

less information such as noise. Therefore, in the coordinate attention enhancement module, the feature vector F extracted by dilated

convolution is first pooled along the X-axis and Y axis respectively, to obtain texture feature responses in the horizontal and vertical

directions as much as possible, then concatenate and input them into the subsequent convolution layer, Batch Normalization (BN)

and h-swish activation functions. The acquired features are split to obtain the vector of C3H31 and C3 13 W. Finally, through 1 3

1 convolution and sigmoid function to obtain attention maps Mx and My on the X and Y axes and the tensor product is calculated

with the feature F:

Fd = F⨂MxðFÞ⨂MyðFÞ (Equation 5)
Coordinate attention enhancement module

iScience 28, 112330, May 16, 2025 e2
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Furthermore, we filter the feature vectors Fu and Fd, according to the attention-reweighted feature value in ascending order, take

the elements qu and qd in the top 25% as the threshold, compare each element with qu and qd, to construct mask vectormu andmd

with the same dimensions of Fu and Fd. The value of ith elements in mu and md are as follows:

muðiÞ =
8<
:

0; if Fu %qu

1;otherwise
(Equation 6)

mdðiÞ =
8<
:

0; if Fd %qd

1;otherwise
(Equation 7)

Then, retain feature values enhanced by attention mechanisms and eliminate feature values with low attention weight in Fu and Fd by

the formula:

Fu
0 = Fu⨀mu (Equation 8)

Fd
0 = Fd⨀md (Equation 9)
Uncertainty weighting
Generally, the prediction output of a multi-branch neural network can adopt late fusion, that is fusion on the prediction score level.

The common late fusion method has the average, maximum, and weighted average, where the weighted average is a more reason-

able way, but the weight coefficient often needs to be set manually. Considering that the prediction results given by deep neural net-

works are not always reliable, we hope that themodel can give the prediction results along with corresponding confidence, and carry

out weighted fusion according to the prediction confidence to obtain the final output. Therefore, uncertainty needs to be modeled.

When different perturbations are added to amodel, if themodel maintains stable predictions, that is, the variance of each prediction is

relatively small, and the model is considered to be less uncertain. On the contrary, if the model is sensitive to perturbations and the

prediction results of the same input change greatly, the model is likely to make wrong predictions with great uncertainty.

Based on this, different proportions of dropouts are used for output feature vectors Fu4 and Fd4 from two paths. By calculating

mean outputs m1, m2 and variances v1, v2, to obtain the reweighted predictions. The weight coefficient is calculated as follows:

u1 =
ev2

ev1+ev2
(Equation 10)

u2 =
ev1

ev1+ev2
(Equation 11)

As can be seen from Equations 7 and 8, the output from the path with greater uncertainty will obtain a smaller weight coefficient,

while the output from another path with less uncertainty will obtain a larger weight. The final prediction result of the model

is u1m1 +u2m2.

QUANTIFICATION AND STATISTICAL ANALYSIS

We use Accuracy score to evaluate the overall prediction performance of the model, which indicates the model’s ability to correctly

identify samples while minimizing errors. The metric is defined by:

Accuracy =
TP+TN

TP+TN+FP+FN
(Equation 12)
ADDITIONAL RESOURCES

This study generates three batches of tactile data, which is available online at: https://github.com/MLDMXM2017/MRFE-NN.
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