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Note S1 Unique Directional Freezing/Annealing Technique and the Mechanical 

Characteristics of MTAS 

In the directional freezing technique, we first created spaced freezing molds (Fig. S2b), 

eliminating the mutual influence of adjacent ice crystal temperatures, which offers a more 

perfect microstructure for aerogels. In addition, the freezing mold is fixed to the side wall of a 

steel box with good thermal conductivity (Fig. S2c). The steel box is filled with liquid nitrogen 

to provide a single directional temperature gradient for the GO/CNCs suspension in the mold. 

It contributes to the directional freezing process to obtain ordered growth of layered GO/CNCs 

ice crystals. Then, freeze-drying, ice crystals are sublimated to produce ultra-lightweight 

GO/CNC aerogels. Subsequently, by annealing under N2 atmosphere, GO is reduced to rGO, 

and CNCs are carbonized to amorphous carbon. During annealing carbonization, the local 

volume reduction of CNCs is much more pronounced than that of GOs, because CNCs lose 

more weight than GO [S20, S46].  

Figure S1a, b show 3D schematic of the GO/CNCs aerogel and the SEM images taken in 

different orientations, demonstrating that GO/CNCs aerogels have a relatively flat microscopic 

multilayered ordered structure arranged in parallel along the vertical direction. By annealing, 

the aerogel shrinks from 10mm×10mm×5mm to 9mm×9mm×4mm (Fig. S2d, e). Figure S1c, d 

show the 3D schematic of the carbonized rGO/CNCs aerogel after crumpling and the SEM 

images taken in different orientations. The wave-shaped microscopic lamellae can be observed 

in the vertical lamellar direction as well as along the lamellar direction.  

The rGO/CNCs aerogel has exceptional mechanical properties such as compressibility, 

elasticity and fatigue resistance [S20, S46]. Figure S2e-g depict the remarkable shear resistance 

of the aerogel, which can be easily cut to the desired size without structural collapse or 

functional breakdown. Additionally, we keep the size of MTAS (5mm×5mm×3mm) as small 
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as possible while ensuring multifunctional sensing functions, which is the smallest size of non-

polymer modified aerogel sensors ever reported in the literature [S24, S46-S50]. This assists in 

improving the resolution of haptic perception and offers the possibility of large-area integration 

on the surface of robotic hands. Furthermore, the aerogel exhibits anisotropic mechanical 

properties because of its directionally grown and layered ordered structure. In contrast to the 

external force along the sheet direction, the force applied in the vertical sheet direction does not 

easily fragment the wavy interlayer structure, resulting in higher mechanical strength and more 

robust of aerogel. Consequently, all subsequent sensing performance tests were performed with 

the pressure operation in the vertical sheet layer direction.  

Note S2 Scene Feedback Mechanism for Multimodal Algorithms  

According to the practical application, when one input perception is severely disturbed or 

destroyed, the network can be adjusted to rely on the other perception signals by increasing 

their relative weights, guaranteeing a high recognition rate of objects in challenging scenes. 

Note S3 Pressure Sensitivity of MTAS  

Here, the pressure sensitivity is defined as , where S is the pressure 

sensitivity，ΔI is the change of current, I0 is the initial current of MTAS, P is the applied 

pressure. According to Fig. 2c, the slope of the curve indicates the pressure sensitivity of MTAS. 

Note S4 Minimum Detection Pressure of MTAS 

MTAS can effortlessly respond to pressure signals from ultralight objects such as, a 117 mg 

(~30 Pa) VC pill, a 178 mg red button, a 594 mg metal button, and an 823 mg miniature toy 

(Fig. S5d), demonstrating the ability of MTAS to detect smaller pressure units. 

Note S5 Cyclic Stability of MTAS  

MTAS was tested over 5,00 cycles under a maximum force of 100 kPa without performance 

degradation (Fig. S5e). In the event that the device is operated beyond this 100 kPa safety 

pressure, the lifetime of the equipment will be significantly shortened. MTAS can also work 

for more than 2000 cycles at a low pressure of 2 kPa (Fig. S5f). The current signal of MTAS at 

different pressures is displayed in Fig. S5g. The inset shows more clearly the pressure sensing 

signal for a single pressure cycle (compression-release). 

Note S6 Temperature Sensing Evaluation System  

Peltier temperature module applies the temperature change to the upper surface of MTAS 

(contact temperature, Tc), whereas the lower surface remains at device temperature (Td). A 

temperature difference (ΔT) is generated between the upper and lower surfaces of MTAS, 

which drives the external circuit to output a current/voltage signal. 

Note S7 Theoretical Temperature Detection Range and Other Temperature 

Characteristics 

Despite the theoretical possibility of a wider temperature sensing range, the Peltier variable 

temperature module is limited by its inability to withstand higher voltages, resulting in the 

failure to provide more extreme surface temperatures for MTAS. 

The temperature difference ΔT, voltage, and current curves at the corresponding temperature 

are also recorded in Fig. S6c. The temperature response time of MTAS is shown in Fig. S6b, 

with response time and recovery time of 378 ms and 5.3 s, respectively. Because of our 

requirement for high resolution, the size of MTAS is designed to be as small as possible, which 

means a relatively small addition of the thermoelectric material rGO to each device, thus 

affecting the response time. In conclusion, after considering the effects of resolution, sensitivity, 

response time, and size (area and thickness), we chose the device size of 5mm*5mm*3mm for 

the in-depth study. 
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Note S8 Heat Transfer Performance Evaluation System 

We selected 11 lamellar materials (same size) for evaluation. Materials were placed between 

the Peltier temperature module and the inverted MTAS (Fig. S7a). Peltier module applies the 

temperature change to the surface of 11 materials (Tm), whereas the lower surface of MTAS 

remains at device temperature (Td). ΔT2 is generated between Tm and Td. Due to the different 

thermal conductivity of materials, the temperature and heat transfer rate delivered to MTAS 

surface are different. Therefore, the variation of electrical signals with ΔT2 (sensitivity) can 

reflect the inherent difference in thermal conductivity of materials. Figures S7-S12 show the 

temperature sensing signals for different materials.  

The heat transfer sensitivity of 11 materials was obtained by the slope of a linear fit (Figs. S7c 

and S8-S12b, e) as a parameter to judge the heat transfer properties of the materials. 

Note S9 Contact Electrification Effect 

Figure 2g plots a schematic of the electron-cloud-potential-well model based on the contact 

electrification effect. Before contact, different substances have independent electron clouds and 

single-well potential. Physical contact causes the electron clouds to overlap. The energy barriers 

are reduced, asymmetric double-well potential is formed, and electron transfer occurs [S36, 

S50, S51]. 

Note S10 Operation Mechanism of Triboelectric Sensing  

The initial state ⅰ, FEP and MTAS are relatively stationary and at the maximum separation 

distance (d). Since the FEP is far away from MTAS, negative charges are induced on the Cu 

electrode to keep the system in electrostatic equilibrium and no charge transfer occurs in the 

circuit. ⅱ: When the FEP approaches MTAS process, the electrode induces negative charges 

that gradually decrease, and electrons flow through the load to the ground. Until state ⅲ, MTAS 

and FEP are completely contacted and the electrostatic equilibrium state is achieved again. ⅳ: 

As the FEP continues to separate from MTAS, negative charges are gradually induced on the 

electrode and electrons flow from the ground to the Cu electrode via the load, accompanied by 

a reverse output signal. Until the maximum separation distance, a contact-separation cycle is 

completed. 

Note S11 Detailed Performance of Triboelectric Sensing  

The output signal gradually increases as d increases until it saturates at d of 15 mm. When d is 

20 mm, the measured output signal increases very weakly relative to 15 mm and is negligible. 

Therefore, the d for all subsequent triboelectric tests was chosen to be 15 mm (Fig. 2h).  

We explored the effect of contact separation frequency on the output voltage signal (Fig. S13b). 

As the frequency increases, the output signal increases linearly. MTAS triboelectric sensing 

has a response time of 33 ms and a recovery time of 162 ms (Fig. S13c), indicating the ability 

to sense triboelectric signals quickly at the millisecond level. MTAS measures the two opposite 

characteristic waveforms by different materials (Fig. S13d). The characteristic waveform of 

Kapton is negative to positive, whereas that of NBR is positive to negative. 

Note S12 Traditional Kitchen Robot 

The current kitchen robots can simply stir or heat ingredients prepared by humans. The types 

of dishes that can be made is generally homogeneous and still requires a deal of human 

assistance. However, the MTAS kitchen robot with can independently distinguish and select 

ingredients because of its tactile recognition capabilities. 

Note S13 Suitable Storage Areas and Temperatures for Foods in the Kitchen 

For example, foods such as bananas and potatoes can be stored at room temperature. A 5 °C 

refrigerator is the ideal place for keeping foods such as cucumbers and tomatoes fresh. 

Perishable foods such as meat require about -18 °C to ensure long term storage. The boiled eggs 

are usually kept in heated containers to ensure that they are delicious when eaten. 
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Note S14 Programmable Robot Arm Test System and Data Acquisition for Food 

Recognition in Kitchen Scene 

MTAS integrated into the contact bar at the front of the robot arm, enabling autonomous data 

acquisition. The artificially generated signal interference is substantially excluded, providing a 

stable test environment, and the recognition accuracy is guaranteed. For more scientific data 

collection, we strictly standardized environmental parameters and manipulation methods. The 

laboratory temperature is maintained at 24 °C, the humidity at 19%, and the contact pressure 

between the robot arm and the food is controlled at 0.1 N. A contact pressure of 0.1 N ensures 

that the food will not be damaged by the test system or compromised for edible. And the device 

can perform long-term stable operation under this safety pressure. As a result, the test system 

is more standardized, excluding the interference of the user or the external environment, and 

the recognition accuracy is guaranteed. 

In addition, the operational approach to data collection is strictly controlled during the 

triboelectric identification process. Clean the food surface of dirt, moisture and other small 

molecules of dust before triboelectric recognition. Then, considering the destructive effect of 

ethanol on the food surface, dust-free paper is used to remove the surface initial charge from 

the object to further reduce external interference. 

In the kitchen, the common types of food are fruits, vegetables, meat, seafood, and spices. 

Therefore, we selected some representative foods of each category for subsequent multimodal 

recognition (Fig. S15a). 

Note S15 Food Identification Dataset 

The dataset for multimodal learning part of the kitchen scene contains 1800 samples 

(classifying 18 food items), where each food containing 100 samples. Each sample includes a 

temperature signal and a triboelectric signal. Depending on the size and shape characteristics 

of foods, 10 or 5 feature points are selected for sampling 10 or 20 times respectively (the 

distribution of sampling points is shown in Figs. S16-S24). This strategy avoids errors arising 

from single-point sampling. The entire learning data for triboelectric recognition and 

temperature recognition of the 18 foods are presented in Figs. S16-S24. 

Note S16 Pre-processing of Machine Learning Data 

Kitchen: At each sensing period, our sensor can obtain one sample. Due to the different working 

mechanisms of the temperature sensor and the triboelectric sensor, the temperature transfer is 

more time-consuming, which means for a complete sampling of data, the temperature signal 

will be larger than the triboelectric signal. Through data preprocessing, we align the once-

sampled temperature waveform and triboelectric waveform with 1226 and 282 sampling points 

respectively, as inputs of the neural network.  

Mars: Unlike the temperature and the triboelectric waveform in kitchen scene, which has 

different numbers of sampling points, the pressure and the triboelectric waveform have the 

same numbers of sampling points, which is set to 275. The training settings are almost the same 

as those presented in kitchen scene. Moreover, the optimizer’s learning rate is set to 1e-3. 

Note S17 Unimodal Machine Learning for Food Recognition 

Two unimodal learning approaches are also implemented to classify 18 foods. The 

corresponding training curves and confusion matrixes are shown in Fig. S25. Both temperature-

only network and triboelectric-only network is convergent after around 3000 steps update (Fig. 

S25c-d), due to the same size dataset and similar network structure. The accuracy of 

temperature-only network and triboelectric-only network are 37.96% and 90.37% (Fig. S25a-

b). Temperature-only network reaches a poor prediction result, where only 5 types of food's 

accuracy are higher than 60%, and triboelectric-only network can classify 16 types of food with 

an accuracy above 85%. 

Note S18 Preparation and Composition of the Mars Micromodel 

http://springer.com/journal/40820


Nano-Micro Letters  

S5/S42 

A substrate with undulating terrain was prepared by 3D printing that mimics the complex 

topography on Mars. Separate areas of the microscopic model were covered with rocks of basalt, 

sand of SiO2, and homemade simulated Martian soil, which are based on reported soil and rock 

compositions of Mars [S34, S35]. Thereby, the landform information such as mountains, rocks, 

land, deserts, and dry rivers on Mars are simulated. 

Note S19 Exploring Topographic and Geomorphic Features of Micromodels by 

Mars Test System 

When exploring the topographic and geomorphic features, it needs to initiate constant force 

touch mode first (through the communication feedback of the robot arm and the force control 

device) to obtain the terrain undulation information of the micromodel. Second, reconstructing 

a 3D simulation map with Matlab fitting. (Figs. 4d and S26a). According to the topographic 

reconstruction map, the geomorphic feature points are identified. Then, the position and contact 

strength of MTAS are adjusted depending on the altitude and topography of the feature points. 

After that, multifunctional sensing signals (pressure + triboelectric) of micromodel are collected 

by the programmable movements of the robot arm. Finally, the acquired data are recognized by 

combining with multimodal learning algorithm. During the test, the laboratory temperature was 

controlled at 24 °C, the humidity was 19%, and the contact pressure between the robotic arm 

and the micromodel was 0.1 N. A standardized test environment is built to reduce human 

interference and ensure the accuracy and reliability of recognition. 

Note S20 Mars Identification Dataset 

The dataset for multimodal learning part of the Mars scene contains 400 samples and 100 

samples for each landforms type. Each sample includes a pressure signal and a triboelectric 

signal.  

Note S21 Feature Waveforms for Landforms Identification 

The entire learning data for triboelectric identification and pressure identification of the four 

landforms are demonstrated in Figs. S27-S28. Among them, the waveforms of labels 3 and 4 

are from negative to positive, and the rest of the waveforms are from positive to negative. And 

different landforms exhibit different signal amplitudes (Fig. 4e). 

Note S22 Fine-tuning of the Multimodal Recognition Framework 

we proposed task-independent universal training framework, providing robust classification 

results. By fine-tuning inputs and outputs of network and hyperparameters of training process, 

it can quickly adapt to new classification tasks in variety of scenes, dramatically simplifies the 

sophisticated steps of repeatedly building neural networks. As shown in Figs. S30-S31 and 

Table S2, minor changes are made to accommodate the Mars scene, including the number of 

neurons for the 1D convolutional layer, the number of convolutional layers, the dimensions of 

the input data and the training hyperparameters. 

Note S23 Training Curves and Confusion Matrixes of Unimodal Learning 

Approaches for Micromodel Recognition 

Figure S26d shows that pressure-only network is updated around 600 steps before becoming 

convergent, while Fig. S26e indicates that triboelectric-only network is well trained around 400 

steps. Figure S26b-c are the confusion matrix for pressure-only network and triboelectric-only 

network, respectively. The accuracy of pressure-only network and triboelectric-only network 

are 80.83% and 91.67%, respectively. 

Note S24 Waterproof Performance 

Due to the great water repellency of PE, ecoflex and acrylic glue, MTAS has an excellent 

waterproof function. MTAS had no performance impairment in either mode after continuous or 

reciprocal operation underwater for 4 h (Fig. S32d-g). In addition, further testing of the pressure, 
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temperature and triboelectric signals after the device was completely submerged for 4 hours, 

and again, no damage occurred for each sensing function. 

Note S25 Characteristic Recognition of MTAS Generated by Contact with Water 

Interface 

When just contacting or leaving the water surface, it produces a sharply rising waveform that 

reaches a spike and then falls more gently (Fig. S32a-c). This may be the medium change when 

MTAS passes through the gas-liquid interface, resulting in a sharp vertical rise in the signal, 

indicating that MTAS can characteristically identify the water signal. 

Supplementary Figures and Tables 

 

Fig. S1 Microscopic characteristics of MTAS. a) SEM images of vertical the flat GO/CNCs 

aerogel lamellae orientation. b) SEM images along the flat GO/CNCs aerogel lamellae orientation. 

c) SEM images of vertical rGO/CNCs aerogel lamellae orientation. d) SEM images along the 

wavy rGO/CNCs aerogel lamellae orientation 
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Fig. S2 a) The ultralight characteristics of MTAS and photos from different angles. b) The 3D 

model and photograph of freeze-drying mold. c) Photograph of a mold fixed to the side wall of a 

steel box to directional freezing. d) Photo of rGO/CNCs aerogel after freeze-drying. e) Photo of 

rGO/CNCs aerogel after annealing. f, g) Photo of rGO/CNCs aerogel after cutting 
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Fig. S3 Acquisition method and decoupling of multifunctional sensing signals. a) Acquisition 

method of multifunctional sensing signals. b) Flow chart of decoupling multifunctional sensing 

signals 
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Fig. S4 Multimodal machine learning algorithm architecture based on MTAS haptic system 

 

Fig. S5 Performance characterization of MTAS for pressure. a) Schematic of the pressure 

sensing mode. When the pressure is applied vertically, the elastic MTAS can convert the pressure 

information into current signals in the external circuit. b) The I-V curves of MTAS at different 

pressures from 0.001 to 2.5N (100kPa). c) Response time of MTAS pressure sensing. d) MTAS 

detects the output signal of the four ultralight objects. e) Stability test 500 cycles at a pressure of 

100 kPa. f) Stability test 2300 cycles at a pressure of 2 kPa. g) Current curves of MTAS at different 

pressures. Inset: Current response signal for a single pressure cycle 
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Fig. S6 Performance characterization of MTAS for self-powered temperature sensing. a) 

Schematic of the temperature sensing mode. b) Response time of MTAS temperature sensing. Tc 

represents the contact temperature (absolute surface temperature) and Td represents the device 

temperature. ΔT represents the temperature difference (ΔT = Tc – Td). c) The absolute surface 

temperature (contact temperature, Tc), temperature difference (ΔT) between the upper and lower 

surfaces, the voltage and current response of MTAS at different temperatures. Inset: Infrared 

thermal images at different temperatures, whose colors correspond to the colors of the output signal 

curve below. MTAS was placed upside down above the Peltier variable temperature module for 

testing. 
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Fig. S7 The heat transfer properties characterization of 11 materials. a) Schematic diagram of 

the heat transfer performance test. The measurement materials were placed between the Peltier 

module and inverted MTAS. b) Infrared photograph of Cu thermal transfer performance testing. c) 

Voltage temperature sensitivity as influenced by the heat transfer capability of the material. d) 

Curves of temperature, temperature difference and voltage for simultaneous testing at different 

temperatures 
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Fig. S8 The heat transfer properties characterization of Fe and Nylon. a) Infrared photograph 

of Fe thermal transfer performance testing. b) Voltage temperature sensitivity as influenced by the 

heat transfer capability of the material. c) Curves of temperature, temperature difference and voltage 

for simultaneous testing at different temperatures. d) Infrared photograph of Nylon thermal transfer 

performance testing. e) Voltage temperature sensitivity as influenced by the heat transfer capability 

of the material. f) Curves of temperature, temperature difference and voltage for simultaneous 

testing at different temperatures 
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Fig. S9 The heat transfer properties characterization of PTFE and NBR. a) Infrared photograph 

of PTFE thermal transfer performance testing. b) Voltage temperature sensitivity as influenced by 

the heat transfer capability of the material. c) Curves of temperature, temperature difference and 

voltage for simultaneous testing at different temperatures. d) Infrared photograph of NBR thermal 

transfer performance testing. e) Voltage temperature sensitivity as influenced by the heat transfer 

capability of the material. f) Curves of temperature, temperature difference and voltage for 

simultaneous testing at different temperatures 

http://springer.com/journal/40820


Nano-Micro Letters  

S14/S42 

 

Fig. S10 The heat transfer properties characterization of FEP and ABS. a) Infrared photograph 

of FEP thermal transfer performance testing. b) Voltage temperature sensitivity as influenced by 

the heat transfer capability of the material. c) Curves of temperature, temperature difference and 

voltage for simultaneous testing at different temperatures. d) Infrared photograph of ABS thermal 

transfer performance testing. e) Voltage temperature sensitivity as influenced by the heat transfer 

capability of the material. f) Curves of temperature, temperature difference and voltage for 

simultaneous testing at different temperatures 
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Fig. S11 The heat transfer properties characterization of PET and PMMA. a) Infrared 

photograph of PET thermal transfer performance testing. b) Voltage temperature sensitivity as 

influenced by the heat transfer capability of the material. c) Curves of temperature, temperature 

difference and voltage for simultaneous testing at different temperatures. d) Infrared photograph of 

PMMA thermal transfer performance testing. e) Voltage temperature sensitivity as influenced by 

the heat transfer capability of the material. f) Curves of temperature, temperature difference and 

voltage for simultaneous testing at different temperatures 
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Fig. S12 The heat transfer properties characterization of Kapton and Wood. a) Infrared 

photograph of Kapton thermal transfer performance testing. b) Voltage temperature sensitivity as 

influenced by the heat transfer capability of the material. c) Curves of temperature, temperature 

difference and voltage for simultaneous testing at different temperatures. d) Infrared photograph of 

Wood thermal transfer performance testing. e) Voltage temperature sensitivity as influenced by the 

heat transfer capability of the material. f) Curves of temperature, temperature difference and voltage 

for simultaneous testing at different temperatures 
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Fig. S13 Characterization of MTAS for the fundamental triboelectric features. a) Working 

mechanism of triboelectric sensing. b) Output voltage at different contact separation frequencies. c) 

Response time of MTAS triboelectric sensing. d) Typical characteristic waveforms of two opposite 

triboelectric signals. e) Photographs of 11 materials with the same size (20mm×20mm×1mm) 
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Fig. S14 Effect of pressure on triboelectric signals at different separation distances (d=2 mm, 

5 mm, 10 mm, 15 mm and 20 mm). a) The triboelectric sensing signals for different contact 

pressures at the d of 15 mm. Right: amplification of the voltage signal for a single cycle at 4 kPa 

contact pressure. The magnification on the right shows the triboelectric signal generated by one 

cycle of contact-separation motion, obtaining a waveform from negative to positive due to the 

stronger electronegative of FEP than PE. b) The effect of pressure on the output signal at other d 
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Fig. S15 a) Photographs of 18 kinds of food and their corresponding labels. b) 10 cycles of 

temperature recognition dataset for 18 species of food 
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Fig. S16 Machine learning raw data. a) A photograph of feature points distribution on an apple. 

b) Planar simulation of the coordinate distribution of feature points. c) 3D simulation of the 

coordinate distribution of feature points. d) Triboelectric recognition signal of apple. e) Temperature 

recognition signal of apple. f) A photograph of feature points distribution on a baby cabbage. g) 

Planar simulation of the coordinate distribution of feature points. h) 3D simulation of the coordinate 

distribution of feature points. i) Triboelectric recognition signal of baby cabbage. j) Temperature 

recognition signal of baby cabbage 
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Fig. S17 Machine learning raw data. a) A photograph of feature points distribution on a banana. 

b) Planar simulation of the coordinate distribution of feature points. c) 3D simulation of the 

coordinate distribution of feature points. d) Triboelectric recognition signal of banana. e)  

Temperature recognition signal of banana. f) A photograph of feature points distribution on a boiled 

egg. g) Planar simulation of the coordinate distribution of feature points. h) 3D simulation of the 

coordinate distribution of feature points. i) Triboelectric recognition signal of boiled egg. j) 

Temperature recognition signal of boiled egg 
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Fig. S18 Machine learning raw data. a) A photograph of feature points distribution on a bread. b) 

Planar simulation of the coordinate distribution of feature points. c) 3D simulation of the coordinate 

distribution of feature points. d) Triboelectric recognition signal of bread. e) Temperature 

recognition signal of bread. f) A photograph of feature points distribution on a cake. g) Planar 

simulation of the coordinate distribution of feature points. h) 3D simulation of the coordinate 

distribution of feature points. i) Triboelectric recognition signal of cake. j) Temperature recognition 

signal of cake 
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Fig. S19 Machine learning raw data. a) A photograph of feature points distribution on a chili. b) 

Planar simulation of the coordinate distribution of feature points. c) 3D simulation of the coordinate 

distribution of feature points. d) Triboelectric recognition signal of chili. e) Temperature recognition 

signal of chili. f) A photograph of feature points distribution on a cucumber. g) Planar simulation of 

the coordinate distribution of feature points. h) 3D simulation of the coordinate distribution of 

feature points. i) Triboelectric recognition signal of cucumber. j) Temperature recognition signal of 

cucumber 
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Fig. S20 Machine learning raw data. a) A photograph of feature points distribution on a fish. b) 

Planar simulation of the coordinate distribution of feature points. c) 3D simulation of the coordinate 

distribution of feature points. d) Triboelectric recognition signal of fish. e) Temperature recognition 

signal of fish. f) A photograph of feature points distribution on a garlic. g) Planar simulation of the 

coordinate distribution of feature points. h) 3D simulation of the coordinate distribution of feature 

points. i) Triboelectric recognition signal of garlic. j) Temperature recognition signal of garlic 
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Fig. S21 Machine learning raw data. a) A photograph of feature points distribution on a ginger. 

b) Planar simulation of the coordinate distribution of feature points. c) 3D simulation of the 

coordinate distribution of feature points. d) Triboelectric recognition signal of ginger. e) 

Temperature recognition signal of ginger. f) A photograph of feature points distribution on a kiwi. 

g) Planar simulation of the coordinate distribution of feature points. h) 3D simulation of the 

coordinate distribution of feature points. i) Triboelectric recognition signal of kiwi. j) Temperature 

recognition signal of kiwi 
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Fig. S22 Machine learning raw data. a) A photograph of feature points distribution on a lobster. 

b) Planar simulation of the coordinate distribution of feature points. c) 3D simulation of the 

coordinate distribution of feature points. d) Triboelectric recognition signal of lobster. e) 

Temperature recognition signal of lobster. f) A photograph of feature points distribution on a meat. 

g) Planar simulation of the coordinate distribution of feature points. h) 3D simulation of the 

coordinate distribution of feature points. i) Triboelectric recognition signal of meat. j) Temperature 

recognition signal of meat 
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Fig. S23 Machine learning raw data. a) A photograph of feature points distribution on a potato. 

b) Planar simulation of the coordinate distribution of feature points. c) 3D simulation of the 

coordinate distribution of feature points. d) Triboelectric recognition signal of potato. e) 

Temperature recognition signal of potato. f) A photograph of feature points distribution on a raw 

egg. g) Planar simulation of the coordinate distribution of feature points. h) 3D simulation of the 

coordinate distribution of feature points. i) Triboelectric recognition signal of raw egg. j) 

Temperature recognition signal of raw egg 
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Fig. S24 Machine learning raw data. a) A photograph of feature points distribution on a shrimp. 

b) Planar simulation of the coordinate distribution of feature points. c) 3D simulation of the 

coordinate distribution of feature points. d) Triboelectric recognition signal of shrimp. e) 

Temperature recognition signal of shrimp. f) A photograph of feature points distribution on a 

tomato. g) Planar simulation of the coordinate distribution of feature points. h) 3D simulation of 

the coordinate distribution of feature points. i) Triboelectric recognition signal of tomato. j) 

Temperature recognition signal of tomato 
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Fig. S25 Unimodal recognition results for kitchen scenes. a) Confusion matrix for temperature 

identification of food. b) Confusion matrix for triboelectric identification of food. c) Curve of 

temperature recognition accuracy with training steps. Inset: Curve of loss functional with training 

steps. d) Curve of triboelectric recognition accuracy with training steps. Inset: Curve of loss 

functional with training steps 
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Fig. S26 Unimodal recognition results for Mars scenes. a) Three-dimensional topographic 

reconstruction map (pixel points: 5184) of the Mars micromodel, from which information on the 

undulation and height of the micromodel surface. b) Confusion matrix for pressure identification of 

Mars microscopic model. c) Confusion matrix for triboelectric identification of Mars microscopic 

model. d) Curve of pressure recognition accuracy with training steps. Inset: Curve of loss functional 

with training steps. e) Curve of triboelectric recognition accuracy with training steps. Inset: Curve 

of loss functional with training steps 
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Fig. S27 Machine learning raw data of triboelectric. a) Triboelectric recognition signal of stone. 

b) Triboelectric recognition signal of lake. c) Triboelectric recognition signal of soil. d) Triboelectric 

recognition signal of sand 
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Fig. S28 Machine learning raw data of pressure. a) Pressure recognition signal of stone. b) 

Pressure recognition signal of lake. c) Pressure recognition signal of soil. d) Pressure recognition 

signal of sand 
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Fig. S29 a) Multimodal learning algorithm architecture for MTAS tactile system in kitchen 

scenario. b) Multimodal learning algorithm architecture for MTAS tactile system in Mars scenario 
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Fig. S30 Network Structure of the algorithm for the kitchen scene 
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Fig. S31 Network Structure of the algorithm for the Mars scene 
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Fig. S32 Waterproof performance testing of MTAS. a) Schematic of the testing system. b) 

Output signal of MTAS reciprocating motion at the gas-liquid interface. c) Output signal for one 

cycle of MTAS reciprocating motion. d) Triboelectric signal of MTAS underwater standing for 1h. 

e) Triboelectric signal of MTAS reciprocating motion at the gas-liquid interface for 1h. f) Pressure 

signal of MTAS underwater standing for 1 h. g) Pressure signal of MTAS reciprocating motion at 

the gas-liquid interface for 1 h 

 

Table S1 Sensing and object recognition ability comparison of multifunctional tactile 

systems in detail 

Sensor type Mechanism Performance Target 
Algorith

m 

Multi-modal 

(input data) 

Accura

cy 
Refs. 

Pressure & 

temperature & 

biochemistry 

Piezoresistive 

Thermal-

sensitive 

Redox reaction 

0-0.5 kPa 

25-45 ℃ 

TNT, OP, 

biohazards 

( SARS-CoV-

2 virus)  

Gesture recognition 

(6 gestures) 

Contaminant 

recognition 

KNN 

 

Gesture/Conta

minant 

97.29% 

- 
[S12] 
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Pressure & 

olfactory  

Piezoresistive 

Gas-

sensitive(chemi

cal reaction) 

0.375 mV/kPa 

0-400 kPa 

Rescue recognition 

(11 objects) 

BOT 

(CNN/FC

N) 

 

Pressure+gas 
96.9% [S13] 

Pressure & 

thermal 

conductivity 

& temperature 

Piezoresistive 

Thermal-

resistance 

117 mV/kPa 

0.0016℃-1 

Object 

recognition 

(13 objects) 

Garbage 

classification 

(7 garbages) 

MLP 

 

Pressure + 

thermal 

conductivity + 

object and 

environment 

temperature 

96% 

94% 
[S14] 

Pressure & 

vibration 

Piezoresistive 

Piezoelectric 

0.01 kPa-1 

0.1-100 kPa 

>1000 Hz 

Texture recognition 

(20 fabrics) ANN 

 

Pressure + 

vibration 
99.1% [S15] 

Pressure & 

vibration  

Piezoresistive 

Microphone 
<20 N 

Tactile type 

recognition 

(4 tactile) 

CNN 
 

vibration 
98.7% [S16] 

Band & 

temperature  

Triboelectric 

Pyroelectric 
0.3577V/℃ 

Sign language 

recognition 

(14 gestures) +  

Object recognition 

(5 objects) 

SVM 
 

Triboelectric 

99.821

% 

94% 

[S17] 

Pressure & 

temperature & 

triboelectric 

Piezoresistive 

Thermoelectric 

Charge transfer 

15.22 kPa-1 

0-40 kPa 

35.2 μV/K 

25-60 °C 

Materials 

recognition 

(10 objects) 

lookup 

table 

 

Triboelectric 
- [S18] 

Pressure & 

temperature 

& 

triboelectric 

Piezoresistive 

Thermoelectric 

Charge 

transfer 

92.22 kPa-1 

0.04-100 kPa 

11 ms 

15.6 nA /°C 

21.5-66.2 °C 

Food recognition 

(18 food) +  

Mars recognition 

(4 landforms) 

CNN + 

MLP 

 

Pressure + 

temperature 

+ 

triboelectric 

94.63% 

100% 

This 

work 

Table S2 List of hyperparameters and their values 

Scence Algorithm hyperparameter Value 

Kitchen 

Multimodal 

batch size 64 

learning rate 5×10-4 

weight decay 1×10-5 

epochs number 200 

Triboelectricity. only 

batch size 64 

learning rate 1×10-3 

weight decay 1×10-5 

epochs number 200 

Temperature. only 

batch size 64 

learning rate 1×10-3 

weight decay 1×10-5 

epochs number 200 
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Mars 

Multimodal 

batch size 64 

learning rate 1×10-3 

weight decay 1×10-5 

epochs number 200 

Triboelectricity. only 

batch size 64 

learning rate 1×10-3 

weight decay 1×10-5 

epochs number 200 

Pressure. only 

batch size 64 

learning rate 1×10-3 

weight decay 1×10-5 

epochs number 200 

Notes: 

batch size: Number of training cases over which each Adam update is computed 

learning rate: The learning rate used by Adam 

weight decay: The weight decay used by Adam 

epochs number: Number of full passes of the entire training dataset through the network training 
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