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S E N S O R S

Skin-inspired quadruple tactile sensors integrated 
on a robot hand enable object recognition
Guozhen Li, Shiqiang Liu, Liangqi Wang, Rong Zhu*

Robot hands with tactile perception can improve the safety of object manipulation and also improve the accuracy 
of object identification. Here, we report the integration of quadruple tactile sensors onto a robot hand to enable 
precise object recognition through grasping. Our quadruple tactile sensor consists of a skin-inspired multilayer 
microstructure. It works as thermoreceptor with the ability to perceive thermal conductivity of a material, mea-
sure contact pressure, as well as sense object temperature and environment temperature simultaneously and in-
dependently. By combining tactile sensing information and machine learning, our smart hand has the capability 
to precisely recognize different shapes, sizes, and materials in a diverse set of objects. We further apply our smart 
hand to the task of garbage sorting and demonstrate a classification accuracy of 94% in recognizing seven types 
of garbage.

INTRODUCTION
Multimodal tactile perception is important for achieving environment 
awareness, recognition of threats, and fine motor tasks. Skin-like 
delicate tactile abilities are of great importance to sophisticated appli-
cations of robots and prosthetics (1–5). Multisensing tactile sensors 
provide robots the ability to interact with its surroundings precisely, 
rapidly, and safely. Many researchers have proposed various tactile 
sensors based on piezoresistive (6), capacitive (7), triboelectric (8), 
electret (9), magnetic (10, 11), etc. Multisensory electronic skins 
(e-skins) have also been developed by directly integrating different 
sensors into a sensing network or array with stacking or planar struc-
tures (3, 12–15) or by using bespoke advanced materials and micro-
structures that are sensitive to physical stimuli (3, 16–20). Although 
the development of tactile sensors and e-skins has achieved notable 
progress, they still require complicated structures and fabrication 
schemes (21) and usually suffer from the problem of mutual inter-
ference when perceiving multiple stimuli at the same time (21, 22). 
We have previously reported thermosensation-based sensors and e-skin 
to perceive multiple stimuli using a planar array of thermistors (23) 
and used the sensors on a robotic hand to recognize objects (24). How-
ever, the integration of multiple sensors remains a challenge. Various 
physical stimuli exerted at the same position can be perceived by 
human skin owing to its embedded dense receptors; however, repli-
cating this behavior in artificial sensors remains unrealized. A lim-
ited integration of sensors degrades the spatial resolution of tactile 
perception and restricts sensor application.

Tactile perception is useful in robotics for object recognition or 
grasping tasks. Existing tactile object recognition is mostly based on 
pressure/force sensing. However, for complex object recognition, e.g., 
garbage sorting, pressure/force sensing is not sufficient. Substances 
with similar mechanical features, e.g., fruit peel and fabric with sim-
ilar softness, cannot be differentiated by only contact pressure. Differ-
ent materials have different thermal conductivities. Combining the 
thermal property with mechanical features of an object enables en-
hanced recognition accuracy. Here, we propose a quadruple tactile 
sensor with the integration of pressure sensing, material thermal con-

ductivity sensing, and bimodal temperature (object temperature and 
environment temperature) sensing for the robot hand to precisely 
recognize objects (movie S1).

RESULTS
Human skin is endowed with sensitivities to various stimuli, such as 
contact pressure, temperature, and material texture, owing to its del-
icate sensory receptors in its unique epidermal and dermal micro-
structures (25, 26). We propose a flexible quadruple tactile sensor 
with skin-inspired multilayer microstructure (Fig. 1A). Thermo-
sensitive ribbons deposited on a polyimide substrate are used to em-
ulate thermoreceptors of human skin. Using uniform sensing elements 
to perceive thermal conductivity of object, measure contact pressure, 
as well as sense object temperature and environment temperature, 
the proposed sensor has multisensory integration, simple structure, and 
low cross-coupling. As illustrated in Fig. 1B, the quadruple tactile 
sensor is composed of two sensing layers sandwiching a porous sil-
ver nanoparticle–doped polydimethylsiloxane (PDMS) (fig. S4A). 
Each sensing layer consists of two sensing elements (called hot film 
and cold film) that are concentric annular chrome/platinum (Cr/Pt) 
thin films (Fig. 1B, inset) deposited on a flexible polyimide substrate 
and covered by a parylene encapsulation membrane as the protec-
tive layer (fig. S4B). The concentric annular design for the hot film 
and cold film works to eliminate temperature drift and bending/
stretching strain in the sensor (27). The central sensing element has 
a lower resistance than the circumjacent sensing element. Under an 
equal applied voltage, the center element with a low resistance bears 
a large electric power, thereby is heated to a predefined higher tem-
perature, and works as a hot film. The circumjacent sensing element 
with a large resistance bears a low Joule heating and works as a cold 
film. The hot films on the top and bottom sensing layers generate 
local thermal fields in their surroundings (Fig. 1C, ii). When an ob-
ject contacts and presses the sensor, it contacts the top sensing layer, 
and the conductive heat transfer from the top hot film to its surround-
ing changes with the thermal conductivity of the object (Fig. 1C, iii). 
In other words, the top hot film responds to the thermal conductivity 
of the contact object (note S1). Therefore, the thermal conductivity 
of the object can be detected by the top hot film of the sensor, which 
provides a means to identify material because different materials have 
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different thermal conductivities (28). Simultaneously, the pressure 
exerting on the sensor generates an elastic deformation of the po-
rous material. The deformation increases the thermal conductivity 
of the porous material due to its piezothermic transduction (29), which 
enhances the conductive heat transfer from the bottom hot film to 
its surrounding (Fig. 1C, iv). That is, the contact pressure can be de-

tected by the bottom hot film of the sensor (note S2). The integrated 
circumjacent cold films on two sensing layers work as local tempera-
ture sensors (note S3); specifically, the top cold film detects the ob-
ject temperature, and the bottom cold film detects the temperature 
on the bottom layer (approximate to environment temperature). The 
design of the central hot film and circumjacent cold film represents 

Fig. 1. The structure, sensing principle and performance of the skin-inspired quadruple tactile sensor. (A) The skin-inspired multilayer structure of quadruple tactile 
sensor. (B) Detailed structure of the sensor. (C) Working principles of sensor multisensing implementation are the following: (i) illustration of the sensor in contact with an 
object. (ii) Object is not in contact with the sensor. (iii) Object is in contact with the sensor, thereby the thermal field around the top hot film changes because of the heat 
transfer to the object. (iv) The functional porous material of the sensor is pressed and deformed, which increases its thermal conductivity, so as to enhance the heat transfer 
from the bottom hot film to the porous material. The sensor realizes multiperceptions by uniform thermosensation. Scale bars, 1 mm. GND, ground; U, applied voltage. 
(D) Responses of the quadruple tactile sensor to contact materials with different thermal conductivity (table S1), contact pressure, object temperature, and environment 
temperature, respectively. Three consecutive load-unloading measurements are conducted and shown in pressure responses. Um, Up, m, and p are denoted as the output 
signals of the sensor corresponding to contact matter, contact pressure, object temperature, and environment temperature, respectively. The output signals of the sensor are 
defined in the Supplementary Materials. The details of the conditioning circuit for the outputs of the sensor are described in fig. S5.
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a trade-off between the sensitivity and the dimension of the sensor. 
The space between the hot film and the cold film integrated on the 
same sensing layer is designed to avoid thermal interference from 
the hot film to the cold film. By lowering the predefined heating tem-
perature of the hot film, the space between the hot film and the cold 
film can be reduced; however, the sensitivity of the sensor is also re-
duced. An alternative way to reduce the dimension of the sensor but 
not lose its sensitivity is to downsize the hot film and the cold film.

Two sensing layers of the quadruple tactile sensor are connected 
into two respective Wheatstone bridge feedback circuits for their signal 
conditionings (fig. S5). The hot film and cold film on each sensing 
layer are placed, respectively, into two legs of one Wheatstone bridge. 
The bridge circuit is balanced by a constant temperature difference 
(CTD) feedback circuit. The top voltages of the bridges for the top 
and bottom sensing layers (denoted as Um and Up, respectively) are 
defined as outputs of the sensor corresponding to thermal conduc-
tivity of object and contact pressure, respectively. The ratios of cold-
film voltages to configuration resistor voltages for the top and bottom 
sensing layers [denoted as m = Umc/(Um − Umc), p = Upc/(Up − Upc), 
where Umc and Upc refer to the cold-film voltages of top and bottom 
sensing layers, respectively] are defined as outputs of the sensor cor-
responding to object temperature and environment temperature, 
respectively. Using the CTD feedback circuits and the cold films, 
the hot films achieve temperature compensations (30). Therefore, 
the perceptions of contact pressure and thermal conductivity of ob-
ject are not susceptible to temperature variation (fig. S6 and note 
S4). In addition, bending compensation is also achieved by adopt-
ing a concentric annular configuration for hot films and cold films 
of the quadruple tactile sensor that ensures that the object material 
sensing and contact pressure sensing of the sensor are not suscepti-
ble to bending strain (note S4) (27). A layer of pure PDMS is placed 
underneath the top sensing layer to avoid mutual interference be-
tween the top and bottom sensing elements. The quadruple tactile 
sensor capably perceives the thermal conductivity of an object, mea-
sures contact pressure, as well as senses object temperature and 
environment temperature simultaneously and independently. Figure 1D 
illustrates the responses of the quadruple tactile sensor to the objects 
with different thermal conductivities (table S1), contact pressures, 
object temperatures, and environment temperatures, respectively. 
The results show the performances of the sensor in discriminating 
materials, detecting contact pressures with a high sensitivity in ini-
tial contact (<2.5 kPa, 117 mV/kPa) and a low hysteresis error of 2.5% 
and sensing object temperatures and environment temperatures with 
sensitivities of 0.0017 and 0.0016°C−1, respectively.

Simultaneous and independent detections of multiple stimuli are 
necessary in practical applications. Figure 2A shows the result of the 
quadruple tactile sensor in simultaneously detecting object tempera-
ture and object material, and Fig. 2B shows simultaneously detecting 
environment temperature and contact pressure. The results indicate 
that the quadruple tactile sensor can detect object temperature and 
identify material type (by its thermal conductivity) simultaneously 
with a low cross-coupling error of less than 3.4%. The sensor also 
demonstrates simultaneous detections of environment temperature 
and contact pressure with low cross-coupling errors of less than 3.8% 
for pressure sensing and less than 4.2% for temperature sensing. In 
addition, to further evaluate the simultaneous detections of contact 
material and contact pressure, we put different materials onto the 
quadruple tactile sensor and pressed them using a force gauge. Figure 2 
(C and D) shows detection results with low cross-coupling errors of 

less than 2.6% for material sensing and less than 4.5% for pressure 
sensing. Figure 2E further demonstrates continuous detections of 
material (by its thermal conductivity), contact pressure, and object 
temperature and environment temperature using the quadruple tac-
tile sensor. When placing a polymethyl methacrylate (PMMA) onto 
the sensor, there is an air gap at the interface between the PMMA 
and the sensor due to nonideal contact. When loading a pressure 
onto the PMMA, the pressing force pushes the PMMA in tight con-
tact with the sensor; therefore, the output signal Um of the material 
thermal conductivity changes slightly after applying pressure. The 
experiment results verify that low cross-couplings among multimodal 
sensors can be achieved. This is essential for simultaneous detec-
tions of multiple stimuli. The stability and durability of the quadru-
ple tactile sensor were further evaluated. Figure S7A illustrates the 
responses of the quadruple tactile sensor to alternately loading and 
unloading pressure between 0 and 20 kPa onto the sensor for 500 
continuous cycles, which validates the good stability and durability 
of the sensor.

The human hand has the ability to recognize objects with differ-
ent sizes, shapes, and materials by means of thermoreceptors and 
mechanoreceptors in skin. Motivated by this, here, we propose a human-
oid robot hand integrated with quadruple tactile sensors to recog-
nize sizes, shapes, and materials of objects by grasping. We incorporate 
material thermal conductivity sensing with pressure sensing and 
temperature sensing and, thus, combine mechanical features with 
thermal properties to improve object recognition accuracy. After 
investigating the most frequently contacted positions on the robot 
hand when it grasps diverse objects, we mounted 10 quadruple tac-
tile sensors on five fingertips and the palm of the humanoid robot 
hand as shown in Fig. 3A. The output signals of 10 sensors were 
normalized (see Materials and Methods for details) and then con-
verted into a 4 × 10 signal map as shown in Fig. 3A, where four rows 
of the signal map from top to bottom represent the output signals of 
the tactile sensors corresponding to the object temperature, envi-
ronment temperature, thermal conductivity of object, and contact 
pressure. To train the object recognition ability of the robot hand, 
we operated the robot hand at room temperature to grasp a human 
hand and 12 other standard objects with different sizes (small and 
big), different shapes (cube and ball), and different materials [steel, 
acrylonitrile butadiene styrene (ABS), and sponge] (fig. S8A) and 
recorded the output signals of the quadruple tactile sensors when 
the robot hand grasped these objects. Different orientations and lo-
cations were considered in grasping objects. Figure 3B shows an exam-
ple set of normalized signal maps of the tactile sensors when the robot 
hand grasped these objects. Notable differences were observed in 
these signal maps when the robot hand grasped the objects with 
different shapes (e.g., big steel cube and big steel ball), different siz-
es (e.g., big steel cube and small steel cube), or different materials 
(e.g., big steel cube, big ABS cube, and big sponge cube) and a hu-
man hand. Figure S8B presents more examples of normalized signal 
maps of the robot hand in grasping objects from different orienta-
tions or at different locations. The output signals of the sensors 
exhibited scattering even in grasping the same object because of un-
certainty of grip in orientation or location. A precise measurement 
relies on accurate placement of the sensor on an object, i.e., the sen-
sor needs to tightly contact the object. However, in practice, grasping 
an object with unknown size, shape, and material involves uncer-
tainty and nonideal conditions. Inspired by a human hand perceiv-
ing and recognizing objects, taking multisensory information from 
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Fig. 2. Multimodal sensing capability of the quadruple tactile sensor. (A) Simultaneous and independent detections of object temperature (top) and object material 
(bottom). (B) Simultaneous and independent detections of environment temperature (top) and contact pressure (bottom). (C and D) Simultaneous and independent 
detections of contact material (by its thermal conductivity) and contact pressure. (C) Thermal conductivity detections of two materials (PMMA and brass) under different 
contact pressures. (D) Pressure detections under different contact materials. (E) Continuous detections of material (by its thermal conductivity), contact pressure, as well 
as object temperature and environment temperature.
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thermoreceptors and mechanoreceptors of fingers and palm into 
account enables accurate object recognition and precise identifica-
tion of object size, shape, and material.

Incorporating neural networks and deep learning with tactile sen-
sors to create robotic perception and recognition is an effective ap-
proach in the context of robotics for solving classification problems 

Fig. 3. The robotic hand integrated with 10 quadruple tactile sensors for multiperceptions and object classification. (A) Schematic diagram of the robot hand inte-
grated with 10 quadruple tactile sensors and corresponding normalized signal maps of the sensors. (B) A typical example set of the normalized signal maps of the sensors 
corresponding to 13 objects, including a human hand and 12 standard objects with different sizes, shapes, and materials. A color bar that corresponds to a scale of 0.25-0.35 is 
used for the top two rows; another color bar that corresponds to a scale of 0-1 is used for the bottom two rows. (C) Schematic diagram of the multilayer perceptron model struc-
ture for identifying object material, shape, and size. (D) Classification test confusion matrix with 6500 groups of the test dataset; each row and column represents an instance 
in a predicted class and an actual class, respectively, and the diagonal values represent correct results. The color bar represents the amount of the predicted number.
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without an explicit model (31, 32). In addition to mechanical sens-
ing, we combined mechanical features with thermal properties of 
materials to identify objects. A multilayer perceptron (MLP) (33) that 
contains three hidden layers based on the PyTorch framework (34) 
shown in Fig. 3C was constructed to recognize objects with diverse 
sizes, shapes, and materials. The normalized signal map of the qua-
druple tactile sensors on the robot hand was used as the inputs of 
the MLP, and the outputs were the predicted size, shape, and mate-
rial of the grasped object. Forty normalized signals of 10 quadruple 
tactile sensors on the five fingers and palm of the robotic hand were 
defined as a set of data. The dataset (containing 105,401 sets) of the 
normalized signal maps corresponding to a human hand and 12 stan-
dard objects with different sizes, shapes, and materials grasped from 
different orientations were used to train and optimize the MLP model 
(fig. S9 to S11). Afterward, we used another test dataset (containing 
6500 sets, 500 sets for each object) of the normalized signal maps 
detected in other grasping task to verify the trained MLP model. 
Figure 3D illustrates the test verification result of the test dataset by 
comparing the predicted results with the actual objects. The verifi-
cation results indicate that the total classification accuracy reaches 
about 96% in recognizing the objects with different sizes, shapes, 
and materials.

The integration of pressure sensing, material thermal conductivity 
sensing, and bimodal temperature (object temperature and environ-
ment temperature) sensing is important to achieve accurate object 
recognition. Figure 4 shows the classification results that use differ-
ent configurations of the sensing data from the quadruple sensors 
to recognize objects. The classification model has the same struc-
ture (i.e., same number of hidden layers and neurons) as shown in 
Fig. 3C. Figure 4A demonstrates the classification result when using 
the dataset from one quadruple tactile sensor mounted on the mid-
dle fingertip of the humanoid robot hand. It is seen that using one 
sensor on a finger cannot accurately recognize object size and shape. 
The total classification accuracy using one sensor reaches about 32.1%. 
Variation of contact position or orientation of object influences the 
recognition accuracy when using only one sensor. In contrast, using 
multiple quadruple tactile sensors on the five fingers and palm for 
object recognition can achieve accurate recognition of shape, size, 
and material as shown in Fig. 3D. Figure 4 (B and C) shows the clas-
sification results that use only pressure sensing or only thermal con-
ductivity sensing of 10 quadruple sensors to recognize objects. Using 
only pressure sensing in object classification cannot accurately dis-
criminate objects with similar sizes, shapes, and softness but with 
different materials, e.g., a small ABS ball from a small steel ball. There-
fore, the total classification accuracy using only pressure sensing 
reaches about 69.6% as shown in Fig. 4B. Using only thermal con-
ductivity sensing in object classification cannot discriminate objects 
with similar materials and different shapes or sizes, e.g., a big sponge 
ball from a small sponge ball. The total classification accuracy using 
only thermal conductivity sensing reaches about 68.1% as shown in 
Fig. 4C. Combining pressure sensing with thermal conductivity sens-
ing of 10 quadruple sensors can improve the classification accuracy 
that reaches about 92.3% as shown in Fig. 4D. However, there exists 
obvious misclassification between a human hand and other objects 
without temperature sensing. Some objects have temperature features 
besides material properties and geometrical features. For example, 
live animals have their own body temperatures, but inanimate ob-
jects do not. Some object temperatures vary with environment. Sens-
ing object temperature and environment temperature allows more 

accurate object recognition. Therefore, combining pressure sensing 
with thermal conductivity sensing and temperature sensing can great-
ly improve the accuracy of object classification; the total classifica-
tion accuracy reaches about 96% in recognizing a human hand and 
other objects with different materials and different geometric features 
(sizes and shapes), as shown in Fig. 3D. Furthermore, the multisen-
sory robot hand is used to grasp various objects with different sizes, 
shapes, and materials to recognize them in real time (movie S2) and 
to grasp objects from different orientations to recognize them in 
real time (movie S3). The multisensory robot hand is also used to 
intelligently identify whether the object is the target object as shown 
in movie S4. It is seen that the objects can be recognized accurately 
and quickly.

We applied the multisensory robot hand to a practical use. Gar-
bage sorting is important to protect our living environment and 
contribute to green and sustainable development. Using robots to 
classify waste will help to ease the burden. We used the multisensory 
robot hand with quadruple tactile sensors to sort garbage. Seven 
types of recyclable/unrecyclable garbage (plastic bag, foam, carton, 
can, napkin, bread, and orange peel as shown in fig. S12A) that are 
common in daily life were used in experiments of garbage sorting. 
Garbage has diverse mechanical configurations, e.g., irregular crum-
pled plastic bag and rolled plastic bag, big cube-like bread and small 
hemisphere bread, and irregularly shaped orange peels. Figure 5A 
shows a set of normalized signal map examples of the robot hand 
when grasping these types of garbage. More signal map examples 
detected in grasping garbage with diverse materials, sizes, shapes, or 
orientations/locations are shown in fig. S12B. The output signals of 
the sensors exhibited scattering even in grasping the same garbage 
because of uncertainty of grip in orientation or position. The train-
ing dataset (containing 21,918 sets) of seven types of garbage was 
used to train the garbage classifier (Fig. 5B). Afterward, the trained 
garbage classifier was used to classify garbage type and identify re-
cyclable or unrecyclable garbage. The corresponding confusion ma-
trix of the test dataset (containing 1400 sets, 200 sets for each type of 
garbage) for garbage sorting is shown in Fig. 5C. The total classifi-
cation accuracy in recognizing seven types of garbage reached about 
94%, which indicates that it is feasible to use the multisensory robot 
hand to sort garbage. The smart robot hand was further used to 
identify recyclable and unrecyclable garbage in real time as shown 
in movie S5.

DISCUSSION
Our results demonstrate the promising application of quadruple tac-
tile sensors for improving tactile perception and object recognition. 
The proposed quadruple tactile sensor has the ability to simultane-
ously and independently perceive multiple stimuli—i.e., object ma-
terial (by its thermal conductivity) and contact pressure, as well as 
object temperature and environment temperature—by using uniform 
and simple thermistors with low cross-coupling. The integration of 
multiple sensors with low cross-coupling is achieved in our quadru-
ple tactile sensor design. Multiple quadruple tactile sensors provide 
tactile perception to a humanoid robot hand. The tactile sensing in-
formation is fused using machine learning to achieve precise object 
size, shape, and material recognition. In particular, different sub-
stances can be discriminated on the basis of their distinct thermal 
conductivities and mechanical features and thus improves the accuracy 
of object recognition. Multisensory capabilities of the robot hand can 
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be used potentially for wide practical applications. We have demon-
strated an application of our technology for garbage sorting. Moreover, 
we showcase garbage sorting with unseen objects in note S5. Our ap-

proach is to modify the garbage classifier by means of data augmen-
tation of a training dataset with Gaussian noise to improve model 
generalization ability. Real-life garbage sorting is complicated, and 

Fig. 4. Comparison of classification results when using different configurations of sensing data from quadruple sensors to recognize objects. (A) Classification 
result when using data from only one quadruple sensor mounted on the middle fingertip. The total classification accuracy reaches about 32.1%. (B) Classification result 
when using only pressure sensing of 10 quadruple sensors. The total classification accuracy reaches about 69.6%. (C) Classification result when using only thermal conduc-
tivity sensing of 10 quadruple sensors. The total classification accuracy reaches about 68.1%. (D) Classification result when using combination of pressure sensing and 
thermal conductivity sensing of 10 quadruple sensors. The total classification accuracy reaches about 92.3%. The color bar represents the amount of the predicted number.

D
ow

nloaded from
 https://w

w
w

.science.org at T
he H

ong K
ong U

niversity of Science and T
echnology (G

uangzhou) on M
ay 26, 2026



Li et al., Sci. Robot. 5, eabc8134 (2020)     16 December 2020

S C I E N C E  R O B O T I C S  |  R E S E A R C H  A R T I C L E

8 of 11

it is difficult to cover all aspects in experiments due to limited sample 
size. In this study, we selected seven types of garbage with different 
mechanical configurations to demonstrate the promising potential 
of the quadruple tactile sensor for robotic garbage sorting. For more 
realistic applications, however, further tests on a larger set of gar-
bage and additional research on advanced learning algorithms still 
need to be conducted.

MATERIALS AND METHODS
Fabrication of thermal sensing layer
The thermal sensing layers of the quadruple tactile sensor were made 
by the following steps (27): (i) We spin-coated a 30-m photoresist 
(KXN5735-LO, Rdmicro Co. Ltd.) on a polyimide substrate (AP8525R, 
DuPont Co. Ltd.). (ii) We obtained the pattern by photolithography 
and development. (iii) We sputtered 30-nm-thick chromium as an 
adhesion layer and then sputtered 150-nm-thick platinum as the 

thermosensitive layer. (iv) The patterned substrate was immersed in 
acetone for 2 hours to dissolve the photoresist and then washed with 
absolute ethanol and deionized water. (v) We deposited 4-m-thick 
parylene film on the patterned substrate as a protective layer.

Fabrication of porous material
The porous material is made of PDMS (Sylgard 184, Dow Corning 
Company), citric acid monohydrate (CAM) particles, and silver nano
particles (diameter of <100 nm; S110970, Aladdin Co. Ltd.) (24). 
PDMS was used as the base material in consideration of its excellent 
properties of elasticity, stability, easy fabrication, and adjustability. 
The ratios of components are a PDMS:cross-linker volume ratio of 
10:1 weight %, a PDMS:CAM volume ratio of 1:3, and a silver nano
particles volume ratio of 2 volume %. After fully stirring the mixture 
(10 min), we poured it into a PMMA mold and cured it at 75°C for 
2 hours. After demolding, we immersed the material in ethanol for 
24 hours to dissolve the CAM and form porosity and then washed it 

Fig. 5. Robot hand integrated with quadruple tactile sensors for garbage sorting. (A) A group of example signal maps when the robot hand grips seven types of 
garbage. (B) Schematic diagram of garbage sorting. (C) Classification test confusion matrix with 1400 groups of the dataset in recognizing seven garbage objects. The 
color bar represents the amount of the predicted number.
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with deionized water. Last, the porous functional materials were 
dried at 70°C for 1 hour.

Fabrication of quadruple tactile sensor
The quadruple tactile sensor was made by the following steps: (i) A 
pure PDMS layer was cured in a thin PMMA mold (10 mm by 10 mm 
by 2 mm) at 75°C for 2 hours. (ii) We stacked another thick PMMA 
mold (10 mm by 10 mm by 4 mm) on the pure PDMS layer and 
fabricated porous material as described previously. (iii) After demold-
ing and drying, we adhered the sensing layers to the upper surface 
of the PDMS layer and the lower surface of the porous material. The 
diagram of the corresponding fabrication process is shown in fig. S4D.

Circuit design
As shown in fig. S5, the conditioning circuit of a quadruple tactile 
sensor was composed of two CTD circuits. The hot films and cold 
films were connected into Wheatstone bridges, and the differential 
voltages of both sensing layers were then amplified by amplifiers and 
fed back to the bridges for implementing the CTDs. The bridge top 
voltages and cold film voltages were further amplified by the voltage 
followers for sampling. The entire regulation circuit was integrated 
in a homemade printed circuit board.

Experiment measurement and characterization on  
sensor performance
Pressure measurement was conducted by applying force on the qua-
druple tactile sensor using a mechanized z-axis stage (Handpi HLD) 
with a force gauge (Sundoo SH-50, 0.01 N of resolution). Tempera-
ture responses of the sensor were tested in a temperature-controlled 
oven (OGH60, Thermo Fisher Scientific Co. Ltd.). The quadruple 
tactile sensor was adhered onto a temperature-controlled plate to 
simulate environment temperature variation, and a pressure stimu-
lus was applied onto the sensor via force gauge for testing simulta-
neous detections of pressure and environment temperature stimuli. 
The contact material adhered with a small temperature-controlled 
plate was used to conduct the simultaneous detections of material 
thermal conductivity and temperature stimuli. Two different mate-
rials (PMMA and brass) were used, and a pressure stimulus was 
applied onto the quadruple tactile sensor via force gauge for testing 
simultaneous detections of material thermal conductivity and pres-
sure stimuli. Corresponding platform schematic of the sensor per-
formance characterization is shown in fig. S4E. The intelligent robotic 
hand used a humanoid robotic hand (SCP-E5, Scramp Co. Ltd.) 
equipped with the quadruple tactile sensors.

Selection of the installation positions on the robot hand 
for the quadruple tactile sensors
Before installing the quadruple tactile sensors on a robot hand, we 
used the robot hand to grasp various dye-coated objects and then 
recorded and counted the dyeing positions to determine the most 
frequently contacted sites on the robot hand as the sensor-mounted 
positions.

Data acquisition and normalization
The multisensing signal of each sensor on the robotic hand was 
sampled by an analog-to-digital converter after being conditioned by 
the CTD circuit described above and then packaged and sent to a laptop 
through COM port (cluster communication port) for processing. Each 
set of data frame contains 40 signal values of 10 quadruple tactile sen-

sors mounted on the fingers and palm of the robot hand. Further-
more, the customized interactive control software programmed by 
LabVIEW (Laboratory Virtual Instrument Engineering Workbench) 
in a laptop disassembled and calculated the sensing data, and the 
corresponding pressure (denoted as P), voltage related with object 
thermal conductivity (denoted as Um), object temperature (denoted 
as Tm), and environment temperature (denoted as Tp) perceived by 
each sensor were obtained and normalized to 0 to 1, respectively. 
Specifically, normalization was carried out by taking the maximum 
value of quantity as 1 and the minimum value as 0. Each row from 
bottom to top of the normalized map represents the pressure, thermal 
conductivity, environment temperature, and object temperature map 
of the matter being grasped. We defined 40 normalized signal val-
ues from 10 quadruple tactile sensors as a set of data. In recognizing 
13 objects including 12 standard objects and a human hand, the total 
dataset (containing 111,901 sets) was acquired through grasping 
these objects about 20 times with different orientations and locations 
for each object, and each grasp action contained about 400 sets of 
data. The training and testing datasets for recognizing 12 standard 
objects and a human hand were randomly selected from the total 
dataset. In garbage sorting, the total dataset (containing 23,318 sets) 
was acquired through grasping garbage objects about 10 times with 
different orientations and locations for each object, and each grasp 
action contained about 300 sets of data. The training and testing 
datasets for garbage sorting were randomly selected from the 
total dataset.

MLP model training and optimization
We implemented the MLP network for the humanoid robotic hand 
to conduct classification in the PyTorch framework. The MLP model 
has three fully connected hidden layers, and each hidden layer has 
20 neurons. Rectified linear units (ReLU) were used into the MLP 
model to introduce nonlinearity. To optimize the MLP model, we 
set the learning rate of the model to 0.01, trained the network using 
the training dataset for 50 epochs with batches of 512 data samples, 
and presented the mean results over six test runs. We first set the 
number of hidden layers in the model to two and varied the number 
of neurons in the hidden layer to determine the appropriate num-
ber of neurons in the hidden layer. Figures S9A and S10 illustrate 
that the classification accuracy increases with the number of neurons 
but gradually saturates after the number of neurons is greater than 20. 
Therefore, we set the number of neurons in each hidden layer to 20. 
In addition, we further optimized the number of hidden layers of the 
model because the number of hidden layers also affects the classifica-
tion accuracy. We set the number of hidden layer neurons to 20, then 
altered the number of hidden layers, and noticed the classification 
accuracy variation. The results shown in figs. S9B and S11 demon-
strate that the classification accuracy reached its maximum when the 
number of hidden layers was three. Therefore, the optimized MLP 
structure has three hidden layers, and each hidden layer has 20 neurons.

Operation and recognition of robot hand
The grasp action and applied pressure to hold an object for a robot 
hand (SCP-E5, Scramp Co. Ltd.) were automatically controlled by 
using its commercial robot controller (Scramp Co. Ltd.). The robot 
controller with the corresponding control algorithm (programmed 
in Codesys V3.5) controls the joints of the humanoid robotic hand 
to reach predefined target angles while monitoring that the joint torques 
do not exceed the predefined threshold.
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Our customized interactive control software, programmed by 
LabVIEW and operated in a laptop, communicates with the robot 
controller through Object Linking and Embedding for Process Control 
Protocol (OPC) to command the robot hand to grasp the object. 
And then our customized interactive control software calls the trained 
MLP model programmed by Python (Python 3.7.0) and sends the 
normalized sensor signals to the MLP model for classifying the object.

The trained MLP model takes about 43 ms to figure out a classi-
fication result. Because the communication and call delay between 
software/hardware platforms is currently about 1 s in total, when the 
robot hand grasps an object, it usually takes about 1 s to recognize 
the object.

SUPPLEMENTARY MATERIALS
robotics.sciencemag.org/cgi/content/full/5/49/eabc8134/DC1
Note S1. Theoretical analysis of thermal conductivity sensing mechanism.
Note S2. Theoretical analysis of pressure sensing mechanism.
Note S3. Temperature measurement principle by cold film.
Note S4. Temperature and bending compensation method.
Note S5. Garbage sorting with unseen objects.
Fig. S1. Spherical shell model and CTD conditioning circuit.
Fig. S2. Finite element method (FEM) simulation of porous material under different pressure.
Fig. S3. Results for garbage sorting with unseen objects.
Fig. S4. Composition of sensing layer and porous material, fabrication process, and sensor 
performance characterization platform schematic.
Fig. S5. The schematic of the sensor signals conditioning circuit.
Fig. S6. Temperature effects on material thermal conductivity and pressure detections of the 
quadruple tactile sensor.
Fig. S7. Quadruple tactile sensor repeatability and durability test and step response of pressure 
sensing.
Fig. S8. The objects used in the recognition experiment and more signal map examples.
Fig. S9. MLP optimization.
Fig. S10. Optimizing results of the MLP model with different neurons number.
Fig. S11. Optimizing results of the MLP model with different hidden layers number.
Fig. S12. The garbage used in the garbage sorting experiment and more signal map examples.
Table S1. Thermal conductivities of the materials used in the experiment.
Table S2. Temperature coefficient resistances (TCRs) of hot films and cold films of all quadruple 
tactile sensors used to the humanoid robot hand.
Movie S1. Summary of the robot hand with quadruple tactile sensors.
Movie S2. Robot hand with quadruple tactile sensors grabs and identifies object size, shape, 
and material in real time, respectively.
Movie S3. Robot hand with quadruple tactile sensors grabs and identifies human hand and 
object with different orientations in real time.
Movie S4. Robot hand with quadruple tactile sensors continuously and intelligently identify 
whether a grip is the set target.
Movie S5. Robot hand with quadruple tactile sensors is used for garbage classification tasks.
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