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Artificial tactile perception smart finger for material 
identification based on triboelectric sensing
Xuecheng Qu1†, Zhuo Liu1,2†, Puchuan Tan1,2†, Chan Wang1, Ying Liu1,3, Hongqing Feng1,3, 
Dan Luo1*, Zhou Li1,3,4*, Zhong Lin Wang1,3,5

Tactile perception includes the direct response of tactile corpuscles to environmental stimuli and psychological 
parameters associated with brain recognition. To date, several artificial haptic-based sensing techniques can 
accurately measure physical stimuli. However, quantifying the psychological parameters of tactile perception to 
achieve texture and roughness identification remains challenging. Here, we developed a smart finger with sur-
passed human tactile perception, which enabled accurate identification of material type and roughness through the 
integration of triboelectric sensing and machine learning. In principle, as each material has different capabilities 
to gain or lose electrons, a unique triboelectric fingerprint output will be generated when the triboelectric sensor 
is in contact with the measured object. The construction of a triboelectric sensor array could further eliminate inter-
ference from the environment, and the accuracy rate of material identification was as high as 96.8%. The proposed 
smart finger provides the possibility to impart artificial tactile perception to manipulators or prosthetics.

INTRODUCTION
As an important sensory function for humans in direct contact with 
the external environment, tactile perception originates from the re-
sponse of subcutaneous tactile corpuscles to different stimuli in the 
environment and the brain’s recognition of signals afferent through 
nerve fibers. Therefore, the sense of touch not only reflects the tactile 
response to external physical stimuli (e.g., temperature, humidity, 
and pressure) but also includes a series of psychological parameters 
based on extraction and analysis of information by the brain, such 
as recognition of texture and roughness through tactile sensation. 
Bionic tactile sensors have attracted a great deal of attention since 
the 1980s, and high expectations are placed on simulating the tactile 
function of human skin. With the rapid development of functional 
materials and micro-nano processing technology, tactile sensors with 
high flexibility, spatial resolution, and sensitivity have been devel-
oped. Up to now, various types of physical information, including 
pressure (1–7), humidity (8, 9), and temperature (2, 7, 10), have 
been successfully identified through the contact of various sensing 
elements with objects based on piezoresistive (1, 2), capacitive (1), 
pyroelectric (10), and piezoelectric principles (11–14), which have 
been used in intelligent robots, medical rehabilitation, etc. (15–20). 
However, as psychosensory parameters are difficult to quantify, it 
remains challenging to simulate human tactile perception to deter-
mine the type and roughness of materials, which is crucial for the 
interaction between intelligent robots and the environment, in 
the context of both industrial sorting and the daily life of physically 
challenged people who rely on prosthetics.

Many efforts have been made to develop sensors or devices capable 
of identifying materials based on various strategies, such as thermal 
conductivity, ultrasound, computer vision, etc. (10, 21–26). As sum-
marized in table S1, despite great progress in material recognition 
technology, it also has limitations. For example, identifying the 
material type by thermal conductivity has the advantages of low 
cost and high accuracy, but it requires long test times. Electromag-
netic methods have good response speeds, but identification is limited 
to metals. Although computer vision has good robustness with re-
spect to external noise, the integration of acquisition modules and 
algorithms is more complicated, and the types of materials that can 
be identified are limited. Therefore, there is an urgent need for a 
low-cost, high-efficiency, and widely applicable technique for tactile-
like material identification.

On the basis of the coupling of triboelectrification and electro-
static induction, triboelectric nanogenerators (TENGs), as proposed 
by Z.L.W., can convert mechanical energy into electrical signals and 
have been widely used as energy-harvesting and sensing devices 
(27), such as biosensors (28, 29), implantable medical sensors (30–32), 
ocean energy-harvesting devices (33, 34), and biomechanical energy-
harvesting devices (35–37), among other applications (38–47). The 
triboelectric effect refers to the contact-induced electrification that 
occurs at various interfaces. The transformation process from phys-
ical contact to electricity prompted us to use TENGs as a powerful 
tool for tactile perception simulation. Materials differ in their ability 
to gain and lose electrons, and surface electron transfer occurs when 
two materials come into contact; thus, materials take opposite 
charges after physical contact (40). According to the above theory, a 
triboelectric series can be established in which the unique position 
of each material determines the capacity and efficiency of charge 
exchange. Therefore, the fixed detector can effectively identify 
the type of touched material according to different triboelectric 
output signals.

In light of these considerations, we designed a triboelectric smart 
finger that surpassed human tactile perception for use in intelligent 
robots or artificial prosthetics (Fig. 1A). A sensor array composed 
of several typical materials in different positions in the triboelectric 
series was integrated into the smart finger, which could identify the 
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type and roughness of materials based on triboelectric sensing. 
Moreover, machine learning–based data processing minimized en-
vironmental interference, substantially improving the identification 
accuracy to 96.8%. In addition, the wireless communication and 
display module integrated in the smart finger allowed the recogni-
tion results to be presented more intuitively. When the smart finger 
touched the material to be tested, the recognition information was 
directly projected onto the organic light-emitting diode (OLED) 
screen. This work quantified tactile psychological parameters through 
the triboelectric effect, which paves the way for a new era in model-
ing human tactile perception.

RESULTS
Design and integration of the triboelectric tactile perception 
smart finger
The triboelectric tactile perception smart finger was composed of a 
triboelectric sensor array, data acquisition and transmission module, 

and display module (OLED screen), as shown in Fig. 1B. The 
triboelectric sensor array contained several discrete sensors, the sig-
nals from which reflected the characteristic information of the tribo
electricity between the sensor and material in contact (Fig. 1C). 
Representative materials occupying different positions in the tribo
electric series, such as polyamide (PA66), polyethylene terephthalate 
(PET), polystyrene (PS), and polytetrafluoroethylene (PTFE), were 
used as the friction layer for each sensor (Fig. 1D). Aluminum (Al) 
film was used as an electrode layer, constituting a single-electrode 
vertical contact separation mode triboelectric sensor. The portfolio 
of sensors with differentiated triboelectric properties ensured a dis-
tinct fingerprint output signal upon contact with a variety of mate-
rials, i.e., when the sensor contacted and separated from the test 
material, a unique voltage signal will be generated regardless of 
relative amplitude, voltage direction, or waveform. The acquisition 
module recorded these signals and then transmitted them to the 
computer through Bluetooth for machine learning. The recognition 
results were displayed on the computer screen through software or 

Fig. 1. Design and structure of the smart finger. (A) Schematic diagram of the material identification process of the triboelectric tactile perception smart finger. 
(B) Structure of the triboelectric tactile perception smart finger, consisting of a triboelectric sensor array, data acquisition and transmission module, and display module. 
(C) Schematic diagram of the output signals of the triboelectric sensor array when the smart finger identifies different materials. a.u., arbitrary units. (D) Typical materials 
located in different positions in the triboelectric series: Electronegativity increases from right to left; conversely, electropositivity increases from left to right. (E) Flowchart 
of the interaction between the modules of the smart finger when identifying materials.
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on the OLED screen of the finger after Bluetooth transmission and 
microprogrammed control unit (MCU) processing (Fig. 1E).

Mechanism and operating parameters 
of the triboelectric sensor
In theory, triboelectric sensing is suitable for detecting all types of 
material. Contact electrification, the scientific term for triboelec-
tricity, is a fundamental phenomenon that exists in various contact 
interfaces and can be explained by the overlapping electron cloud 
model. As shown in Fig. 2A, before the two materials come into 
contact on the atomic scale, their respective electron clouds are 
independent, without any overlapping regions. The potential well 
binds electrons tightly to specific orbitals, and no electron transfer 
occurs. When two atoms are in close contact, their electron clouds 

overlap to form a bond. If an external force (such as pressure or 
friction) is applied, the bond length will be shortened, giving rise to 
a transition from initial single-well potential to asymmetric double-
well potential. The strong electron cloud overlap weakens the energy 
barrier between atoms, allowing electrons to transfer from one atom 
to another (48). As the electron cloud states vary among different 
materials, the triboelectric signal between two given materials is 
unique. On the basis of the contact electrification theory, Wang fur-
ther expanded the expression of displacement current in Maxwell’s 

equation by introducing the ​​∂ ​P​ s​​ _ ∂ t ​​ term to describe the basic theory of 

nanogenerators, where Ps is the polarization density introduced by 
surface electrostatic charges caused by contact electrification or the 
piezoelectric effect (49)

Fig. 2. Mechanism of triboelectric sensing and sensor performance characterization. (A) The fundamental principle of triboelectricity (also known as contact electri-
fication) explained by the overlapping electron cloud model. (B) Working mechanism of triboelectric sensing based on a single-electrode vertical contact separation 
mode TENG. Example use of the triboelectric sensor with PTFE as a friction layer to identify PU. (C) VOC at different contact distances between the triboelectric sensors 
(PTFE) and test material (PU). (D) Response time of the PTFE triboelectric sensor. (E) Influence of contact and separation frequency between the triboelectric sensor and 
measured material on VOC. (F) VOC output of the PTFE triboelectric sensor at different operating temperatures. (G) Fatigue testing of triboelectric sensing based on the 
model of PU detection by the PTFE triboelectric sensor.
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	​  ∇ ⋅ E  =   − ∇ ⋅ ​P​ s​​​	 (1)

	​ ∇ ⋅ B =  0​	 (2)

	​ ∇ × E  =  − ​ ∂ B ─ ∂ t ​​	 (3)

	​ ∇ × H  =  J′+   ​ ∂ E ─ ∂ t ​ + ​ ∂ ​P​ s​​ ─ ∂ t  ​​	 (4)

	​​ J​ D​​  = ​  ∂ D ─ ∂ t ​  =   ​ ∂ E ─ ∂ t ​ + ​ ∂ ​P​ s​​ ─ ∂ t  ​​	 (5)

Note that E is the electric field, B stands for magnetic induction, 
H is the magnetic field intensity,  is the distribution of free charges 
in space, J is the density of free conduction current density in space 
as a result of charge flow, t is time, and D is the electric displacement 
vector. As the theoretical origin of the TENG, the addition of the Ps 
term to the electric displacement vector allows the application of 
Maxwell’s equation in the fields of energy and sensing.

To illustrate the working principle of the triboelectric sensor, a 
sensor with PTFE as the friction layer was chosen as the research 
model, and the electropositive material, polyurethane (PU), was used 
as the test object. The operating mechanism of the sensor is shown 
schematically in Fig. 2B, which, in principle, involves the combina-
tion of triboelectrification and electrostatic induction and could be 
divided into four steps: (i) In the initial state, as the PU was far away 
from the triboelectric sensor, both the sensor side and measured 
object side were charge-balanced without generating any output 
signals; (ii) when the PU approached the sensor, the positive charges 
induced on the Al electrode decreased, and the electrons flowed 
from the reference electrode to the Al electrode; (iii) the potential 
difference between the Al electrode and PTFE reached a maximum 
value when the PU was in full contact with the triboelectric sensor; 
(iv) subsequently, the sensor was gradually separated from the PU 
test object. As the separation distance between the PU and sensor 
increased, the negatively charged PTFE induced more positive charges 
in the Al, driving the flow of free electrons from the Al electrode to 
the reference electrode, accompanied by the generation of a reverse 
output signal. The charges on both sides were rebalanced until the 
PU was completely separated from the PTFE. This constitutes a full 
cycle based on triboelectric sensing.

The corresponding relationships between the operating parameters 
of the sensor and its triboelectric output performance were system-
atically studied on the basis of the recognition of the PU model by 
the PTFE triboelectric sensor. As the primary factor under consid-
eration, sensor size directly determined the strength of the output 
signal. Expectedly, the open circuit voltage (VOC), short circuit current 
(ISC), and transferred charge (QSC) were strongly positively correlated 
with the sensor size (fig. S1). In addition, the contact/separation 
distance also affected the triboelectric signal. Within a range of 5 to 
20 mm, the VOC gradually increased as the sensor moved away from 
the surface of the measured object, while it had little effect on VOC 
when the distance exceeded 20 mm (Fig. 2C). The triboelectric sen-
sor had a fast response speed of 1.23 ms, ensuring accurate material 
identification even with brief contact (Fig. 2D). Therefore, the nor-
mal contact and separation frequency between the sensor and ma-
terial had little effect on the VOC (Fig. 2E). Although the triboelectric 
sensing signal was temperature sensitive and the VOC showed a 

downward trend with increasing temperature (Fig. 2F), the detec-
tion signal was almost stable at room temperature (ranging from 
20° to 30°C) with only 1.1% output attenuation. The triboelectric 
sensor retained high detection stability after repeated use under 
conventional environmental conditions (298 K, 1 atm). After 4000 
cycles of testing, the output performance of the sensor showed no 
obvious attenuation or marked changes (Fig. 2G). Together, these 
observations showed that triboelectric sensing has the advantages of 
a simple structure, high applicability, good stability, and a fast re-
sponse speed, making it ideal for simulating tactile perception.

Triboelectric fingerprint signal characteristics of different 
materials and surface roughnesses
On the basis of the working mechanism of the triboelectric sensor 
outlined above, a 2 × 2 triboelectric sensor array of PTFE, together 
with three other materials (PA66, PET, and PS), was constructed 
(Fig. 3A). According to the triboelectric series, PTFE has the 
strongest electronegativity among the four materials, followed by 
PS and PET, while PA66 is the most electropositive (electronegativity: 
PTFE > PS > PET > PA66). The combination of different sensors 
allowed more comprehensive feature information of the measured 
objects to be obtained, thereby effectively improving recogni-
tion accuracy.

To investigate the ability of triboelectric sensor arrays to dis-
criminate between different material types even when the physical 
properties of the test object and sensor are similar, the same four 
materials used in sensors (PA66, PET, PS, and PTFE) were used as 
the test objects, and their output characteristics were studied sepa-
rately. Identification of PTFE by the sensor array was investigated 
first. When the 2 × 2 triboelectric sensor array was in contact with 
and detached from the PTFE substrate, PET-, PS-, and PA66-based 
sensing units all produced similar “dip to peak” VOC waveforms, 
due to the higher electronegativity of PTFE than PET, PS, and PA66 
(Fig. 3B). Notably, the amplitude of the triboelectric output differed 
among the sensors, which was attributed to the difference among 
materials in the ability to gain and lose electrons. As shown in Fig. 3C, 
PA66 had a stronger tendency to lose electrons compared to PTFE; 
therefore, the PA66 sensor had the largest triboelectric output am-
plitude, followed by the PET and PS sensors. As PTFE was used as 
both the sensor and measured object, with the same ability to gain 
and lose electrons, the output amplitude of the PTFE sensor was the 
smallest. When PS was used as the test object, the VOC waveforms 
output by the PET and PA66 sensors (dip to peak) were in the op-
posite direction to that of the PTFE sensor (peak to dip), because PS 
is weaker than PTFE but stronger than PET and PA66 in the electro-
negativity. Similarly, the material characteristic information reflected 
by the relative amplitude was also consistent with the difference in 
triboelectric series between materials (Fig. 3, D and E). Figure 3 
(F and G) shows the VOC waveform and relative amplitude when 
the sensor array detected PET, where the PA66 sensor had an in-
verted output signal waveform (dip to peak) compared to the PS and 
PTFE sensors (peak to dip). Compared to PTFE, PA66 had stronger 
electropositivity. When the sensor array detected PA66, the VOC 
waveform and relative amplitude results were diametrically opposite 
to those obtained when identifying PTFE (Fig. 3, H and I). The 
applicability of the sensor array could be further extended to the 
identification of commonly used materials in daily life, including 
acrylic, ethylene-vinyl acetate copolymer (EVA), polyvinyl chloride (PVC), 
glass, PU, silicon, and wood. As shown in Fig. 3J and figs. S2 to S8, 
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Fig. 3. Material type identification via the triboelectric sensor array. (A) Schematic diagram of the triboelectric sensor array on a smart finger. (B to I) The VOC waveforms 
and amplitudes output when the sensor array (consisting of PA66, PET, PS, and PTFE triboelectric sensors) identified PTFE, PS, PET, and PA66, respectively. Top left: Output 
of each triboelectric sensor as it identified the material. Top right: Average amplitude of each triboelectric sensor output. Bottom: Amplified VOC output of each triboelectric 
sensor. (J) VOC output of the triboelectric sensor array when it detected acrylic, EVA, PVC, and glass, respectively.
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the sensor array produced different triboelectric outputs upon contact/
separation with each material, with unique waveform and relative ampli-
tude characteristics. Moreover, the construction of the sensor array 
facilitated to eliminate interference by humidity with the electrical 
output. Humidity greatly affected the VOC, as water has a certain electrical 
conductivity. In the sensor array, the relative voltage amplitude of the 
output signal of each sensor was barely disturbed by humidity, en-
suring accurate identification of materials (fig. S9). These results 
confirmed the rationality of inferring the type of test material based 
on the triboelectric output characteristics.

In addition to distinguishing material types, the sensor array can 
also measure the roughness of each material (Fig. 4A). Four Al sam-
ples with different standard roughnesses (Ra = 6.3, 3.2, 1.6, and 0.8) 
were selected for analysis (photographs and micrographs of Al with 
four different roughnesses are shown in Fig. 4B and fig. S10). The 
roughness reflects the microtopological features of the material 
surface consisting of peaks and dips, where a smaller Ra value rep-
resents closer peak spacing. During measurement, the sensor array 
was grounded as a reference, which effectively prevented the ac-
cumulation of frictional charges and reduced external interference. 
The average distance between adjacent grooves for samples with Ra 
values of 6.3, 3.2, 1.6, and 0.8 are about 1.4, 1.0, 0.8, and 0.5 mm, 

respectively. As the roughness decreased, the VOC generated by the 
sensor array increased, which was attributed to the denser micro-
structure increasing the interface area between the sample and sen-
sor array, enabling it to induce and accumulate more charge. It is 
worth noting that the increase in VOC caused by roughness would 
not be erroneously identified as a different material type. Although 
the absolute VOC values for the Al samples with four roughnesses 
were different, the electrical signals output by each sensor in the 
sensor array maintained a consistent relative ratio, indicating that 
the sensor array was detecting the same material (Fig. 4C and 
fig. S11).

The traditional contact stitch roughness detection methods cause 
great abrasions of the equipment and samples, and errors are likely 
to occur after multiple measurements. In contrast, fatigue testing 
confirmed that the performance of the triboelectric sensor array 
was almost unchanged after multiple uses, fully demonstrating the 
advantages of triboelectric sensing in contact/separation mode with 
regard to wear suppression (fig. S12). Compared to commercial 
probe-based roughness analysis strategies, triboelectric sensing is 
more convenient and economical and does not damage the sample 
surface; thus, it can be used for roughness detection in fine industrial 
manufacturing.

Fig. 4. Identification of material roughness by the triboelectric sensor array. (A) Schematic diagram of aluminum roughness detection by the triboelectric tactile 
perception smart finger. (B) Photographs (top) and micrographs (bottom) of aluminum with different roughnesses. (C) The VOC of the triboelectric sensor array when 
identifying Al with different roughnesses. When the triboelectric sensor array identified samples with different roughness but the same texture, the triboelectric output 
signals of the four sensors expanded proportionally, thus preventing misidentification as other materials.
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Integrating machine learning enables material recognition 
accuracy up to 96.8%
Machine learning has been shown to be an effective tool for auto-
matically extracting features from the time-domain data of tribo
electric signals and for high-precision identification of different 
samples (50). On the basis of the processing of these signals, differ-
ences between materials are amplified and clearly presented. How-
ever, direct learning of time series data will lead to an excessive data 
volume and huge costs in terms of both calculation time and memory 
space. Therefore, feature extraction is a prerequisite for machine 
learning (51). Here, multiple features of the data were learned, and 
features with the greatest impact on prediction accuracy for machine 
learning including the maximum value, minimum-maximum, peak-
valley interval, number of zero-crossing points, number of inflection 
points, and absolute square value were lastly selected. Figure 5A 
presents a flowchart showing the details of the material identifica-
tion using the smart finger with the assist of machine learning. Ini-
tially, the collected data of known materials were preprocessed. 

After feature extraction and selection, a machine learning model 
was established between the feature matrix and the labels and then 
iterated continuously. As the amount of training data increased, the 
machine learning model gradually approached the ground truth. The 
material category could be judged after the model was established. 
The entire material recognition system required a short response 
time, so the deep learning method with a long calculation time was 
abandoned, and the linear discriminant analysis (LDA) algorithm, a 
supervised learning dimensionality reduction technique in machine 
learning, was chosen. With the LDA algorithm, high-dimensional 
data for visualization in low-dimensional space (two dimensions) 
were successfully used, with the aim of minimizing the distances 
between the projection points of each data category while maximiz-
ing those between the centers of different data categories. As shown 
in Fig. 5B, when the original data were from a single channel, the 
clustering of samples was less ordered, and the machine learning 
classification accuracy rate was only 52.7%. As the number of channels 
(i.e., the number of sensors) increased, the clustering of samples 

Fig. 5. Machine learning–based data processing for high-accuracy material type identification. (A) Flow diagram of machine learning for material identification. 
(B) Prediction accuracy for material types differing in channel numbers. (C) Confusion map of the machine learning results for 12 objects with four channels. (D) Prediction 
accuracy for different sample sizes. ACC, accuracy.
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Fig. 6. Practical application scenarios of material type and roughness identification by the smart finger and the interactive interface. (A) Photographs of several 
test materials and the corresponding identification accuracy. (B to D) With the aid of machine learning, the smart finger successfully identified the material type, and the 
results were displayed on the OLED screen. (E to G) The roughness detection process used by the smart finger; the recognition results were displayed on the OLED screen. 
(H and I) The computer interface for material type and surface roughness identification.
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became clearer. With data collection from four channels, several sam-
ple points of each object were clustered together to clearly classify 
the material type with an accuracy rate of up to 96.8%. The confusion 
matrix of 12 materials is shown in Fig. 5C, and high perceptual 
accuracy was achieved for all 12 materials. The number of samples 
also affected the accuracy of machine learning, which increased 
with increasing sample size (Fig. 5D). In addition, the prediction 
accuracy rate for material roughnesses can also reach up to 96.5%. 
The corresponding scatterplots and confusion matrix of test results 
are shown in fig. S13. The previous strategy strongly relied on in-
creasing the quantity of sensors for a relatively accurate classifica-
tion, which made data processing more complicated. With the 
application of machine learning, a good balance between the number 
of sensors and the accuracy of predictions made by the smart finger 
could be achieved. In this study, multiple materials could be recog-
nized with a minimal number of triboelectric sensors; this should 
greatly reduce the difficulty and cost of equipment manufacturing 
while ensuring the accuracy of identification.

Triboelectric tactile perception smart finger intuitively 
and accurately identified the type and roughness of various 
common materials
To demonstrate the real-world feasibility of the integrated tribo
electric sensing system for material type and roughness identifica-
tion, a smart finger with transcended human tactile perception was 
constructed, which integrated a triboelectric sensor array, data ac-
quisition and transmission module, and display module (fig. S14). 
The multichannel, high-precision acquisition module could accu-
rately record signals containing detailed information on material 
characteristics. The signals were then transmitted to the computer 
via Bluetooth for machine learning, and the results were displayed 
on the computer monitor or OLED screen of the smart finger in real 
time after being transmitted to the built-in MCU via Bluetooth. The 
smart finger can be integrated into intelligent prostheses or manip-
ulators and recognizes various textures such as polymers, metals, 
and wood. Several materials were selected as test objects, including 
acrylic, EVA, glass, PU, PVC, silicon, wood, PTFE, Al, PS, PET, and 
PA66; the recognition accuracies are shown in Fig. 6A.

During operation, when the smart finger continuously touched 
the material twice under suitable conditions (approximately 2 cm 
away from the object), machine learning was applied to the collected 
signals, and the final prediction results were intuitively displayed on the 
computer monitor or OLED screen of the smart finger (Fig. 6, B to D, 
and fig. S15). The computer terminal display interface for material 
type identification is shown in Fig. 6H and fig. S16. The left half of 
the software display interface shows the waveform and peak statis-
tical information, collected in real time, and the right half shows the 
identification result (e.g., wood in Fig. 6H). The roughness recogni-
tion results are shown in Fig. 6 (E to G) and fig. S17. Similarly, 
Fig. 6I and fig. S18 show the display interface for material roughness 
analysis (Al, Ra = 0.8). The process of simulating tactile perception 
is shown in detail in movies S1 to S4.

DISCUSSION
Here, we proposed a strategy to simulate human tactile perception 
and quantify tactile psychosensory parameters based on triboelec-
tric sensing. As the ability to gain and lose electrons differs among 
materials, triboelectric fingerprint outputs with unique amplitudes 

and waveforms could be generated when the triboelectric sensor array 
was placed in contact with different objects. On the basis of the 
above principles, we developed a smart finger with transcended 
human tactile perception for use in prosthetics and manipulators to 
achieve identification of material type and roughness. With the aid 
of machine learning, the material recognition accuracy rate was as 
high as 96.8% under the premise of using only four sensors, and a 
variety of common materials (such as acrylic, EVA, glass, PU, PVC, 
silicon, and wood) could be recognized accurately. In addition, inte-
gration of the wireless transmission and display modules into the 
smart finger freed it from the requirement for a data cable, and the 
recognition results were displayed intuitively on the OLED screen.

The triboelectric tactile perception smart finger has the advantages 
of simple fabrication, a fast response, high accuracy, wide applica-
bility, and sensing without damaging samples. Going forward, more 
complex and practical applications could be achieved by building 
interfaces of smart fingers with robots or even humans. For example, 
it could help robots to check whether products meet manufacturing 
standards in terms of composition and surface structure or help 
physically challenged people who rely on prosthetics to recreate 
their perception of the external environment. On the other hand, 
further research is required to improve the flexibility, miniaturiza-
tion, and multifunctionalities of the sensors. In the future, artificial 
intelligence chips will be integrated into smart fingers to make them 
“smarter” and confer the ability to process data independent of the 
computer. In addition, pressure, temperature, and humidity sensors 
will be introduced to build a combination of multimodal informa-
tion. It is believed that the tactile simulation technology based on 
triboelectric sensing has great potential in the fields of medical 
rehabilitation and intelligent industry.

MATERIALS AND METHODS
Fabrication of smart finger
The smart finger was integrated with a sensor array, signal acquisition 
module, processing module, communication module, and OLED 
screen. The sensor array was composed of four TENGs, each with 
high-purity materials: PA66, PET, PS, and PTFE film were used as 
the friction layer, and the Al foil was used as the friction layer attached 
on the surface of the high-purity materials, respectively. The size 
of each sensor is 1 cm by 1 cm. The case of the smart finger was printed 
by a three-dimensional printer. The sensor array was integrated 
under the fingertip, the acquisition module and the communication 
module were inside the cavity of the smart finger, and the OLED screen 
was fixed in the card slot above the finger. OpenBCI multichannel 
open-source module was used as the acquisition module, the analog 
front-end chip was Texas Instruments ADS1299 (high-gain, low-
noise analog-to-digital converter (ADC), 24-bit channel resolution, 
and up to 16-kHz sampling rate), the main control chip was Arduino 
Uno (Atmel Atmega328P), and the communication was wireless 
(Bluetooth Low Energy) to realize wireless signal transmission. The 
machine learning part was completed on the computer side, using 
Python language.

Characterization and measurement
The output performance (open-circuit voltage, short-circuit current, 
and transferred charge) of the sensor was measured and recorded 
by an electrometer (6514, Keithley; 344-K, TRKE) and oscilloscope 
(HD 4096, Teledyne LeCroy). The basic data acquisition used a linear 
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motor (E1100, LinMot, 1-Hz frequency) to simulate the manipulator 
for contact and separation (contact distance, 20 mm; contact pres-
sure, 5 N). In the fatigue test, the sensor was driven periodically by 
a linear motor (E1100, LinMot, 1-Hz frequency). The fatigue test 
was performed for 4000 cycles. In the response time test, the PU 
film was attached to the force-applying side of the vibrating table, 
and the sensor (with PTFE as the friction layer) was fixed on the top 
of the PU film with a shelf, leaving a 2-mm gap between the sensor 
and the PU film. Then, the sensor was driven periodically by a 
vibration table (VT-500, YMC Piezotronics, 400-Hz frequency, 
2-mm motion amplitude). The photos were taken by a digital camera 
(Canon EOS, 6D Mark II). Micrographs were taken by an optical 
microscope (ECLIPSE LV100ND, Nikon). The negative electrodes 
of the test line were grounded during the test to reduce external 
interference. All data are obtained after multiple measurements. 
The ordinate amplitude data are normalized by mathematical 
transformation.

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at https://science.org/doi/10.1126/
sciadv.abq2521
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