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Abstract 15 

The human skin can encode and gather signals from over 200,000 afferents, providing high 16 

spatiotemporal-resolution sensations to enable fine touch and to prevent skin injury. Existing 17 

robotic skins typically employ a serial architecture to readout multichannel signals, while such 18 

an architecture becomes incapable when a skin has thousands of receptors, resulting in readout 19 

latency, signal crosstalk, and bandwidth consumption. Here, we introduce a large-scale neural-20 

hierarchical iontronic skin (NI-skin) with >10,000 sensors that mimics the hierarchical 21 

processing architecture of the tactile nervous system, transmitting tactile information in layers 22 

via signal encoding, convergence, and cognitive modeling. The position-encoding of the 23 

frequency-dependent iontronic receptors enable parallel transmission with ultralow latency and 24 

suppressed crosstalk, while the backend convergent compression minimizes bandwidth, 25 

achieving an 800 µm spatial resolution and a 10.6 ms temporal resolution. We demonstrate that 26 

robots equipped with our system can perform challenging tasks, including fine tactile 27 

interactions and the perception of pain-related mechanical stimuli for proactive injury avoidance. 28 

This technology provides a large-scale tactile system with high spatiotemporal resolution, paving 29 

the way for humanoid robots to achieve human-level perception and manipulation. 30 

 31 

Keywords: Iontronic skin; tactile sensing; neuromimetic sensory system; spatiotemporal-resolution; 32 

robot interaction.  33 
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Introduction 34 

The rapid development of artificial intelligence and sensing technologies has propelled 35 

remarkable advances in intelligent humanoid robots [1,2]. One of the ultimate goals of human-centered 36 

robotics is to achieve human-level perception and manipulation [3,4]. The human skin, which is the 37 

outer covering of the human body with an area of ~1.5 m2, is distributed with more than 200,000  38 

mechanoreceptors [5,6]. The myriad mechanoreceptors can collect tactile information without 39 

interferences or latency to provide timely and high spatiotemporal-resolution information of touch [7-
40 

9]. Replicating such sensory capabilities of the human skin in artificial sensors has attracted 41 

considerable attentions. Although existing sensors can be made to be more sensitive than a single 42 

mechanoreceptor, when integrating thousands or more sensors together, the sensor array cannot operate 43 

without delay or inter-unit interferences in signals [10-14]. 44 

Existing artificial skins or sensor arrays mostly employ an array structure with shared electrodes 45 

(rows and columns) that can effectively simplify wiring for large-scale sensor array [14-19]. 46 

Multichannel signals are often read out through a serial architecture of time-divisional multiple access 47 

(TDMA) [14-16], where individual elements are read sequentially and periodically. Such a serial readout 48 

architecture, however, introduces a strong latency and switching noises [20,21], making the architecture 49 

incapable for highly dense sensor array containing thousands of sensing units.  50 

The human tactile sensory system encodes temporal spikes through primary sensory neurons, 51 

transmitting information via parallel neural pathways [6,22]. The posterior wedge nucleus and spinal 52 

cord converge and relay this information to the somatosensory cortex [8]. Pioneering studies have 53 

mimicked the human sensory system by converting analog responses of sensors into spike trains [9,20,23-
54 

26], with spike frequency or shape to reflect tactile features. However, in such systems, each sensing 55 
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element requires a dedicated circuit to translate tactile signal into spikes, and decoupling the spikes 56 

from multiple sensors is highly challenging. Therefore, this approach is not suitable for large-scale, 57 

high-density sensor array. Other studies have proposed frequency-modulated encoding that effectively 58 

improves parallel perception and transmission, using carrier frequency for spatial position and 59 

amplitude for sensing intensity [21,27]. Nevertheless, it remains a major challenge to embed a large 60 

number of sensors in a limited frequency bandwidth, and to optimize transmission architectures for 61 

large-scale, high-resolution tactile perception. 62 

To tackle this challenge, we introduce a large-scale neural-hierarchical iontronic skin (NI-skin) 63 

system that imitates the hierarchical processing architecture of the human tactile nerve bundles (Fig. 64 

1a). Our system consists of a receptor layer, a spinal layer, and a cognitive layer, mimicking the 65 

functions of mechanoreceptors, the spinal cord, and the human brain, respectively (Fig. 1b). At the 66 

receptor layer, iontronic sensing elements are position-encoded with optimized driving frequencies, 67 

enabling parallel transmission with ultra-low latency and suppressed crosstalk. At the intermediate 68 

spinal layer, sensing signals are decoded, converged, and compressed to minimize the bandwidth 69 

consumption for information transmission. At the cognitive layer, large-scale tactile events are 70 

received and reconstructed to generate tactile proprioception with high spatiotemporal-resolution for 71 

robots. Our skin can be scaled up and integrated into a hierarchical structure, achieving >10,000 72 

sensing elements with an 800-µm spatial resolution and a 10.6-ms temporal resolution covering a 73 

large-area. Furthermore, we validate the functions of the NI-skin system in a robotic platform (Fig. 1c-74 

e) to enable the robot to perform challenging tasks such as dynamic grasping of tiny fragile objects 75 

and safe self-protection against needles. This work is expected to advance sensing technologies with 76 

high spatiotemporal-resolution and large coverage for fine tactile perception with massive sensors 77 
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toward human-level robotic perception and manipulation. 78 

Results and discussion 79 

Design and coding principle of the NI-skins 80 

In the hierarchical human sensory system, numerous primary mechanoreceptors are responsible 81 

for capturing stimuli and encoding signals [22]. Our artificial skin contains highly sensitive and dense 82 

iontronic pressure sensors, with each sensor consisting of two electrodes and an overlying soft ionic 83 

material. An ionogel containing free cations and anions is synthesized with engineered surface 84 

microstructures, and used as the active layer (soft ionic material) of the iontronic pressure sensors 85 

(called “iontronic receptors”) (Fig. 2a, top left). When an electronic conductor contacts the ionogel, 86 

electronic charges in the electrodes and ionic charges in the ionogel accumulate at the interface to form 87 

an electric double layer (EDL) [28]. The EDL has a nanoscale charge separation [29,30] a few orders of 88 

magnitude smaller than that in conventional capacitive sensors, thereby generating strong capacitive 89 

signals. Such an iontronic sensing mechanism enables miniaturized sensing units with high sensing 90 

performances. 91 

Each “neural bundle” in our system integrates a large number of iontronic receptors. To encode 92 

spatial positions, each sensing elements is excited with a unique frequency, where the frequency 93 

domain encodes location of the iontronic receptor and the amplitude reflects the intensity of the signals 94 

(or stimuli). We further developed an all-in-one array assembly to scale up the number of the iontronic 95 

receptors while minimizing wiring complexity in the NI-skin. The iontronic skin was fabricated in two 96 

steps (Supplementary Fig. 1): soft lithography for making the microstructured ionogel film, and 97 

integration of the microstructured ionogel film on flexible printed electrodes of coplanar cross matrix 98 

via hot pressing. Compared with the trilayer sensor structure (two electrodes sandwiching an ionic 99 
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material), this bilayer structure enables high-density fabrication of electrodes through a significantly 100 

simplified process (Supplementary Fig. 2).  The microstructured ionogel is shown in the scanning 101 

electron microscopy (SEM) image in Fig. 2b, and the electrode array is shown in the optical image in 102 

Fig. 2c. The electrodes have a center-to-center spacing of 800 µm, corresponding to a receptor density 103 

of ~156 elements cm−2, comparable to the density in mechanoreceptors of the human fingertip, where 104 

the receptor density is the highest [8,9,25]. This approach supports the prototyping of the NI-skin in 105 

diverse sizes, facilitating scalable integration on various robot surfaces (Supplementary Fig. 3). 106 

The EDL capacitance of iontronic sensors is affected by ionic kinetics, with the signal magnitude 107 

being frequency-dependent [21]. Figure 2d shows the capacitance–frequency response of our iontronic 108 

receptors as a function of applied pressure. In the initial state (before loading), the electrode-ionogel 109 

interface lacks intimate contact, and thus the device is considered as a dielectric capacitor. As the 110 

applied pressure increases, the EDL capacitance (ܥ) is markedly enhanced, while the signal magnitude 111 

decreases as the excitation frequency rises. In order to eliminate the impact of frequency, the sensitivity 112 

of the devices is defined as the frequency-normalized change in capacitance with respect to pressure, 113 

expressed as δ[(ܥ −  is the EDL 114  1ܥ ,is the initial capacitance before loading  0ܥ δܲ , where/[1ܥ/(0ܥ

capacitance under saturated pressure, particularly 100 kPa in this study, and ܲ is the instantaneous 115 

pressure. We show that the corrected response curves of our iontronic receptor are in good consistency 116 

under different excitation frequencies. Additionally, the NI-skin receptor offers a limit of detection less 117 

to 0.08 g (Supplementary Fig. 4a), supporting the robotic fine-grained perception. The receptors can 118 

operate stably for over 100,000 loading cycles (Supplementary Fig. 4b) that enables long-term 119 

durability for robotic sensing. 120 

In the encoding system, orthogonal frequencies enable parallel transmission of multiple signals 121 
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within the same frequency band [31], allowing interference-free separation through fast Fourier 122 

transform (FFT). By discretizing the Fourier transform [32], the frequency-bin resolution is expressed 123 

as 124 

߂ ௕݂௜௡ = ௦ܰܨ = 1ܶ௦  (1) 125 

where ܨ௦ is the sampling rate of the analog-to-digital converter (ADC), ܰ is the number of sampling 126 

points, and ௦ܶ is the total sampling period. As ߂ ௕݂௜௡ decreases (corresponding to an increase in ௦ܶ), the 127 

main lobe of the spectrum becomes narrower, leading to a higher frequency-resolution and reduced 128 

bandwidth occupation, at a cost of longer sampling and increased processing latency. To ensure the 129 

accurate separation of orthogonally encoded frequencies, the encoding frequency interval ௜݂௡௧௘௥ should 130 

satisfy: 131 

௜݂௡௧௘௥ = ܩ ∙ Δ b݂in , ܩ ∈ ℤ≥1 (2) 132 

Therefore, the frequency selection strategy should comprehensively balance spectral efficiency 133 

against latency and hardware complexity. Here, the target sampling duration is set to be 10 ms, 134 

corresponding to a frequency bin range up to 100 Hz. To minimize spectral leakage and mutual 135 

interference, the encoding frequency interval is set to be 200 Hz. Within the neural bundle, 96 neurons 136 

are assigned to an encoding frequency band ranging from 1 to 20 kHz (encoding circuit is shown in 137 

Supplementary Fig. 5). The response of the iontronic elements was measured five times under 138 

encoded frequencies (Fig. 2f), yielding an average value of 10.07 × 10−3  with a tiny variance of 139 0.06 × 10−3 . This result ensures consistent responses of the iontronic receptor across different 140 

encoding frequencies. 141 

In our neural bundle, the response frequency encodes the spatial location of the devices, while 142 

the amplitude reflects the magnitude of stimulus. Mechanical stimulation on different sensing elements 143 
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of the NI-skin produced specific encoding frequency responses, with the raw current output varying 144 

with pressure (Fig. 2g-h). As illustrated in Fig. 2h, when a pressure is applied to the iontronic receptors 145 

encoded at 4.0, 4.2, and 4.4 kHz, the neural bundle detected the corresponding time-frequency 146 

responses and output current pulses with clear feature frequencies. This capability enables parallel 147 

signal perception and transmission from a large number of receptors. 148 

Decoding and convergence of large-scale tactile signals 149 

In the human brain, the mechanoreceptors in the lower receptor layer can respond to the touch 150 

and transmit large-scale signals to the backend through nerve bundles [25,33]. The posterior spinal cord 151 

is responsible for signal relay and preliminary processing [34], ensuring that aggregated information is 152 

efficiently transmitted to the brain for perception while simultaneously enabling rapid initiation of 153 

protective reflexes. This neural-hierarchical processing architecture enables large-scale tactile 154 

information from the human skin to be perceived and transmitted to the neural system with high 155 

spatiotemporal-resolution. Inspired by this, we designed a “spinal layer” to decode sensing signals and 156 

perform compression-based preprocessing (Fig. 3a) that generates aggregated signals to the “brain” 157 

(central processor). 158 

In our signal transmission framework, each neural bundle can be equipped with up to 96 iontronic 159 

receptors, encoded by frequency signals ranging from 1 to 20 kHz with a 200 Hz interval. The current 160 

signals of the receptors are superimposed and converted through a current-to-voltage converter (C/V 161 

converter), followed by acquisition via an ADC (Supplementary Fig. 6a-b and Supplementary Fig. 162 

7). According to the Nyquist sampling criterion, the ADC sampling rate is set to 50 kHz, which is at 163 

least twice the bandwidth of the encoded signal, ensuring alias-free observation for FFT-based 164 

decoding. The FFT algorithm is executed on a digital signal processor (DSP) block to reconstruct the 165 



 

9 

 

location and intensity information from the frequency-encoded signals (Supplementary Fig. 6c). Our 166 

method has high accuracy in determining the location of touch, and shows little crosstalk. As shown 167 

in Fig. 3b–d, when a pressure of 10 kPa is applied to receptors at different locations, the signals output 168 

by the C/V converter can be decoded without frequency aliasing. As a result, the adjacent leakage ratio 169 

(ALR) between encoded frequencies remains below 1%, defined as the ratio of the signal response 170 

leaked into adjacent frequency channels to that of the main spectral component. 171 

In our excitation-detection mode, a frequency-encoded voltage is applied to the excitation 172 

electrode, and the sensing electrode measures the corresponding current with frequency information, 173 

from which the capacitance response at the sensing node can be obtained [21] (see Supplementary 174 

Note 1). With our design, the maximum readout time of the sensory system is approximately 10.6 ms, 175 

consisting of a sampling time of 10 ms and a parallel demodulation computation time of ~0.6 ms 176 

(Supplementary Fig. 8). In the signal transmission chain, this ensures that the NI-skin achieves a 94.3 177 

Hz readout rate that indicates rapid response to dynamic stimuli (Supplementary Fig. 9). 178 

Conventional iontronic sensor arrays, which use a piece of shared ionic material, may experience 179 

significant crosstalk between sensing units due to ion migration [16]. As shown in Fig. 3e, the leaked 180 

electric field induces the migration of ions, leading to the EDL capacitance at surrounding sensing 181 

sites, an undesired crosstalk. In this work, each iontronic sensor is excited and detected at the 182 

intersection of array electrodes, where the excitation electrode applies a standardized voltage, and the 183 

sensor electrode records the electrical response to obtain its capacitance characteristics. Although using 184 

a shared ionogel film, our NI-skin is free of crosstalk. We designed a parallel zero-potential (PZP) at 185 

the decoding end, where all sensing electrodes are set to an equivalent zero potential (Fig. 3f). This 186 

method ensures that the excitation electric field is constrained to the intersection of the excitation and 187 
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sensing electrodes, preventing outward divergence. As a result, the EDL capacitance forms exclusively 188 

at the intersection node, thereby reducing mutual interference. On the other hand, the PZP mechanism 189 

can interrupt the loop current between the parallel components (Fig. 3g), effectively suppressing 190 

electrical crosstalk within the parallel circuits. Thus, this design achieves a dual effect, effectively 191 

mitigating both crosstalk induced by ion migration and parasitic capacitance-related crosstalk within 192 

the NI-skin. 193 

Our experimental data show that this method reduces the crosstalk of the NI-skin from ~39.4% 194 

to ~1.3%, which is even smaller than that of the scheme with isolated ionogel for each sensing unit 195 

(~1.7%) (Fig. 3h), and thus improving the perceptual precision (Supplementary Fig. 10). Furthermore, 196 

our method enhances spatiotemporal resolution in recognizing fine structures in patterns and reliably 197 

perceives contact contours (Supplementary Fig. 11, Supplementary Movies 1–3), which are 198 

essential for dexterous manipulation.  199 

A compression block based on three-dimensional discrete wavelet transform (3D-DWT) is 200 

implemented in the spinal layer to simplify data transmission (Supplementary Fig. 12). The wavelet 201 

transform enables highly sparse and compact representations and can be efficiently realized in an edge-202 

computing hardware [35]. The 3D-DWT block decomposes the three-dimensional signals into sparse 203 

frequency domain coefficients, which are then quantized to reduce the data size. Finally, entropy 204 

encoding exploits statistical redundancy to further compress the quantized coefficients. The 3D-DWT-205 

based compression aims to effectively reduce the data transmission size while preserving tactile 206 

features with minimal acceptable accuracy loss. 207 

Compressed sensing for large-scale tactile cognition in robotics 208 
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High spatiotemporal-resolution signals from the large-scale human skin are transmitted to the 209 

cerebral cortex layer via a data bus, enabling cognitive analysis and perceptual construction [36]. We 210 

constructed a robotic sensory system based on the NI-skins, with a hierarchical processing architecture 211 

for tactile information transmission, as shown in Fig. 4a. Our NI-skins provide large-area coverage on 212 

the surface of a robot, and the hierarchical architecture enables rapid processing and transmission of 213 

large-scale tactile data. 214 

In the hierarchical architecture, the intermediate spinal layer is responsible for aggregating and 215 

compressing data, with the compression degree quantified by a compression ratio (CR), defined as the 216 

ratio between the size of raw data to that of compressed data. In the 3D-DWT block (Supplementary 217 

Fig. 12), a larger quantization factor ܳ results in a higher CR at the expense of potential data distortion 218 

(Fig. 4b).  219 

The robot is capable of extracting three-dimensional spatiotemporal features from large-scale 220 

sensing signals to perform the recognition and cognition of objects being touched [37]. Here, we 221 

designed a 3D convolutional neural network (3D-CNN, Supplementary Fig. 13) to extract 222 

spatiotemporal features from the captured touch signals. As shown in Fig. 4b, when the quantization 223 

factor ܳ is set to be greater than 200, the 3D-DWT block significantly sparsifies the tactile information, 224 

with a CR exceeding 260. This is because a high ܳ value effectively removes non-essential details, 225 

preserving key structural features. This process can reduce the transmission bandwidth consumption 226 

from 13.8 Mbps to 53.3 kbps (Fig. 4c). Using the compressed sensing strategy, sparse features allow 227 

for inference with a lighter network. Compared with the original neural network (3.95G FLOPS, 80K 228 

parameters), the lightweight network requires only 938M FLOPS (23.7% of the original) and 3.6K 229 

parameters (4.5% of the original). 230 
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Our strategy maximizes the CR while retaining essential features. The 3D-CNN extracts 231 

spatiotemporal features, with the t-distributed stochastic neighbor embedding (t-SNE) projection 232 

illustrating data clustering. The Davies-Bouldin index (DBI) was used to assess cluster separability, 233 

with a lower DBI indicating better intra-class compactness and inter-class distinction, validating 234 

feature discriminability. We constructed a dataset for grasping 10 object categories (Grasp Dataset, Fig. 235 

4d and Supplementary Fig. 14a), capturing responses during manipulation. At a CR of 260, the 236 

clustering quality of 3D-CNN-extracted features slightly decreases (DBI = 1.17), yet recognition 237 

accuracy remains above 99.7% (Fig. 4e). A dataset (Touch Dataset, Fig. 4f and Supplementary Fig. 238 

14b) was also created for 10 touch gestures, capturing interactional responses. At a CR of 260, 3D-239 

CNN-extracted features remain well-clustered (DBI = 0.89), with a recognition accuracy above 94.2% 240 

(Fig. 4g). These results demonstrate that our strategy of data compression effectively optimizes 241 

transmission bandwidth while ensuring reliable tactile feature extraction by the lightweight network 242 

in the central processor. 243 

Manipulation of fine objects  244 

The human skin excels with a vast number of receptors with high spatiotemporal resolution (~150 245 

units cm−2 and up to 250 Hz) [7-9] and small two-point limen (down to 2 mm) [25]. Achieving high 246 

spatiotemporal resolution tactile perception comparable to that of the human skin remains an ultimate 247 

goal of artificial skin. We developed a soft robotic finger omni-directional adaptation embedded with 248 

the NI-skin to enable flexible grasping. The NI-skin was able to detect stimuli from sharp objects with 249 

a two-point limen of 0.8 mm (Fig. 5a, b and Supplementary Movie 4), surpassing the smallest two-250 

point limen of the human skin (finger tips). Compared with existing artificial skins [5-10,15,16,20,21,27], the 251 

NI-skin outperforms in several aspects, such as the number of sensing units (>10,000 sensing elements), 252 
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156 units cm−2 spatial resolution, and 94.3 Hz temporal resolution (Fig. 5c and Supplementary Table 253 

1). 254 

The human hands can dexterously manipulate small and fragile objects, and this requires sensing 255 

with high spatial resolution and high sensitivity. Here, a robotic hand with two fingers equipped with 256 

our NI-skin can grasp objects as small as 0.5 mm in diameter, exemplified by a thin and fragile pencil 257 

lead, because the NI-skin provides exceptional spatial resolution of 800 μm and high sensitivity of 258 

10.07 Pa−1. As shown in Fig. 5d and Supplementary Movie 5, the NI-skin can reliably record real 259 

time pressure distribution when the robotic fingers grasp the pencil led, and the signals during the 260 

interaction is recorded in Fig. 5e. Utilizing our tactile system, the fingers can delicately manipulate an 261 

even thinner object, a soft solder wire with a diameter of 0.2 mm, without inducing any buckling when 262 

applying an appropriate load by compressing the wire at both ends (Supplementary Movie 6). When 263 

buckling of the wire occurs by a human hand, the robotic fingers rapidly adjust their positions so that 264 

the wire does not fall off.  265 

Nociceptive sensing and self-protection based on pain-feedback   266 

An important capability of human skin is the feeling harmful pain to trigger rapid self-protection 267 

against puncture [38-41]. Our tactile system aims to replicate this capability by quickly detecting 268 

nociceptive pain at the spinal layer, triggering a protective response. Nociceptive stimuli often come 269 

from the interaction with sharp and stiff objects (e.g., needles) that produces high pressure gradient, 270 ∆ܲ/∆ݔ, which represents the change in pressure (∆ܲ) over a certain distance (∆ݔ). The minimum value 271 

of ∆ݔ is often determined by the two-point limen. Here, our NI-skin has a small two-point limen of 272 

800 μm, enabling for the detection of a sufficiently high ∆ܲ/∆ݔ value. Stimuli with varying sharpness 273 

levels induce different sensations of pricking on the skin. We thus selected target objects with different 274 
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sharpness to stimulate the skin of the finger. The curvature of the objects follows a power law, where 275 

the radius of curvature at the edge of the protruding feature can be modified by the body power law 276 

exponent ݊ (0≤݊≤1, model formula in Supplementary Note 2 and Supplementary Fig. 15a)  [38,42]. 277 

As shown in Fig. 5f, an increasing value of n corresponds to a greater edge curvature, indicating a 278 

sharper object, which in turn leads to a smaller response area of the NI-skin during finger grasping. In 279 

grasping and releasing cycles, the NI-skin monitored key features such as maximum pressure, activated 280 

element count, and maximum pressure gradient (Fig. 5g). As ݊ increases, the maximum pressure and 281 

pressure gradients increases, while the number of activated elements decreases. These features were 282 

used for nociceptive sensing. 283 

We stimulated the NI-skin on the robotic finger with spikes of varying sharpness to quantify the 284 

degree of “pain”. We applied stimuli with objects at different n values, recording NI-skin responses to 285 

create a pain-perception dataset (Supplementary Fig. 15b). A pain prediction model based on Logit 286 

regression was developed using three features: maximum pressure, the number of activated sensing 287 

units, and the maximum pressure gradient, to assess pain intensity (Supplementary Note 3, 288 

Supplementary Fig. 16). On the pain-perception dataset, the model achieved a coefficient of 289 

determination (ܴ2) up to 91.1%. 290 

The pain threshold ( ௧ܲℎ), defined as the critical value output in the pain model that triggers self-291 

protection, is used to prevent further damage to the robot. We show that the robotic hand with its two 292 

fingers equipped with the NI-skins performs protective reaction as it manipulates a spiny chestnut 293 

(Supplementary Movie 7 and Fig. 5h). In this case, a large number of sensing units are activated. 294 

While at least one sensing unit of the NI-skin is subjected to ௧ܲℎ, an action to the fingers is trigger to 295 

decrease the grasping pressure for the protection of the skin. In another scenario, when the fingers of 296 



 

15 

 

the robotic hand touch a needle, only one sensing unit on the skin is activated with a high pressure-297 

gradient exceeding its ௧ܲℎ, triggering a protective response (Supplementary Movie 8). This case is 298 

judged as the needle puncture, and the fingers are thus controlled to withdraw rapidly for preventing 299 

further injury of the NI-skin (Fig. 5i). Without pain perception, however, the fingers further proceed 300 

to the needle, cause damages to a few sensing elements of the NI-skin (Fig. 5j). 301 

 302 

Discussion    303 

A key goal in human-centered robotics is to achieve human-level perception and manipulation 304 

with fine interaction and self-protection. By integrating frequency-encoded receptors, crosstalk 305 

suppression, and compressed sensing, our NI-skin mimics the hierarchical processing of the human 306 

tactile sensory system, which comprises receptor, spinal, and cognitive layers. Such an architecture 307 

enables 800-μm spatial resolution, and the readout of ~10,000 sensing elements within 10.6 ms without 308 

crosstalk. Its ability to manipulate fragile objects and provide real-time nociception demonstrates its 309 

potential to enhance robotic dexterity and safety. 310 

This work may provide guideline for the design of next-generation tactile perception architecture 311 

suitable for large-scale robotic skins. The current implementation of the encoding-decoding circuitry 312 

is relatively bulky, limiting the miniaturization and full integration of the readout interface in artificial 313 

skin. Future work should explore integrating the interface circuitry into application-specific integrated 314 

circuits (ASICs), with our design serving as an excellent architecture for such ASIC chips. 315 
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MATERIALS AND METHODS 316 

Materials 317 

The following chemicals: 3,6-Dioxa-1,8-octanedithiol (D154345), 1,4-Butanediol divinyl ether 318 

(B472435), 1,1,1-Tris(3-mercaptopropionyloxymethyl)propane (T464015), 2,2-Dimethoxy-2-319 

phenylacetophenone (B105178), 1-Ethyl-3-methylimidazolium bis(trifluoromethylsulfonyl)imide 320 

([EMIM][TFSI], E101506) were purchased from Aladdin. The thermoplastic polyurethane (TPU) 321 

films were purchased from Dongguan Lijin Polyurethane Co., Ltd. The microstructured frosted glass 322 

was purchased from Anhui Hengboli Instrument Technology Co., Ltd. 323 

Fabrication of the NI-skin 324 

NI-skin consisted of two components: a microstructured ionogel with a TPU encapsulation layer and 325 

an electrode array. These two parts were assembled directly using commercially available double-sided 326 

tape. The ionogel precursor was composed of 2.7345 g (15 mmol) of 3,6-Dioxa-1,8-octanedithiol, 327 

2.9862 g (21 mmol) of 1,4-Butanediol divinyl ether, 1.5942 g (4 mmol) of 1,1,1-Tris(3-328 

mercaptopropionyloxymethyl)propane, 0.036 g (0.5 wt% relative to total monomer) of photoinitiator 329 

2,2-Dimethoxy-2-phenylacetophenone, and 0.5852 g (8 wt% relative to total monomer) of 1-Ethyl-3-330 

methylimidazolium bis(trifluoromethylsulfonyl)imide. All components were thoroughly mixed and 331 

oscillated until a clear homogeneous solution was obtained. The electrode array was manufactured 332 

using flexible printed circuit (FPC) processing technology and was outsourced to Shenzhen 333 

Jialichuang Technology Group Co., Ltd. 334 

Characterization of sensing properties of sensing elements 335 

An inductance-capacitance-resistance meter (E4980AL, KEYSIGHT) was initially used to measure 336 

the capacitance of the sensors.  Capacitance measurements were all performed at 100 mV and in the 337 
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frequency range from 100 Hz to 100 kHz. The 3D-printed indenters were used to apply the 338 

displacement loads. The pressure applied to the sensors was controlled and recorded by a tensiometer 339 

machine (LD23.501, LSD). A lock-in amplifier (MFLI, Zurich Instruments) was used for aliasing 340 

signal acquisition and spectrum analysis. 341 

Development of interface circuitry for NI-skin 342 

The direct digital frequency synthesizers (DDS, AD9833, Analog Devices Instruments) were used to 343 

generate frequency-tunable AC excitation signals. The backend circuit consisted of a high-pass filter 344 

with a cutoff frequency of 200 Hz and a voltage follower implemented using an operational amplifier 345 

(OPA4388, Texas Instruments). The design of the decoding circuit and computation block are shown 346 

in Supplementary Fig. 7. The C/V converters were implemented with a precision operational 347 

amplifier (OPA4388, Texas Instruments), in which the reference resistor was implemented using a 348 

programmable digital potentiometer (TPL0501-100) to enable adaptive adjustment of the output 349 

conversion voltage. The 16-bit analog-to-digital converters (ADC, AD7606, Analog Devices 350 

Instruments) were employed to acquire voltage signals from the analog front-end. Each ADC chip 351 

provides eight synchronous voltage-sampling channels. The sampling rate was set at 50 kSPS, and the 352 

data were read out via a parallel SPI bus. An FPGA (Altera EP4CE6F17C8N) was deployed for parallel 353 

acquisition from multiple ADCs and subsequent parallel FFT demodulation. The FPGA processes 354 

multi-channel ADC parallel sampling and performs parallel FFT demodulation using DSP blocks to 355 

extract the frequency-encoded sensory response. The demodulated signals are then aggregated and 356 

compressed. The compressed data is transmitted to the central processor via USB or Ethernet as the 357 

main data bus. 358 
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Demonstration setup 359 

For the tactile perception task of dexterous grasping, an NI-skin (48 × 48 elements in 7cm × 7cm) 360 

was mounted on a commercial dexterous hand (RH56BFX) to record sensing signals when grasping 361 

various everyday objects. For the large-area tactile sensing task on a robotic body, an NI-skin (96 × 96 362 

elements in 15 cm × 15 cm) was attached to the outer surface of a humanoid robot model to perceive 363 

and record tactile responses under different contact objects and gestures. For the fingertip fine-364 

perception and nociception tasks, a high-density NI-skin  (156 elements cm−2)  was mounted on the 365 

soft finger of a robotic gripper [43,44], which was installed on a commercial robotic arm (Universal 366 

Robot 10e). Tactile signals were transmitted via a data bus using the USB/TCP protocol to a laptop 367 

computer serving as the central processor, which in turn controlled the robotic arm (or gripper) motion 368 

through TCP/IP communication. The interactive user software for the host computer was developed 369 

using Python 3.9 with the PyQt5, PyQtGraph, and OpenCV frameworks. It supported real-time data 370 

transmission, waveform visualization, graphical rendering, tactile map visualization, and data storage. 371 

Construction of dataset 372 

Grasping Dataset: this dataset recorded tactile pressure data from the robotic hand’s NI-skin during the 373 

grasping of 10 object categories, with each object grasped 4 times. Data was collected at 94 Hz, with 374 

a grasp duration of 3-5 s, covering tactile responses from 10 daily items (Fig. 4c). Touch Dataset: This 375 

dataset captured dynamic pressure data from 10 different touch gestures applied to the large-area NI-376 

skin on the robotic body. Each gesture lasted 3-10 s and was performed by four subjects, with data 377 

being recorded at 94 Hz. Pain-perception Dataset: This dataset recorded tactile responses from the NI-378 

skins on robotic fingers under 5 different sharpness levels (controlled by a power-law index), defined 379 
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as varying pain degree (0-100%, Supplementary Fig. 15). Data was collected at 94 Hz under a 380 

constant force of ~500 mN, with each pain level being recorded for 3-5 seconds.  381 
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Figures 502 

 503 

Fig. 1. NI-skin system mimicking the hierarchical architecture of the human tactile sensory 504 

system. (a) Overview of the NI-skin system with 10k sensing units and a neural-hierarchical 505 

processing architecture. (b) A three-layer hierarchical design containing a receptor layer, a spinal layer, 506 

and a cerebral cortex layer. (c) Sensing signals of NI-skins during the grasp of sharp objects of a gripper. 507 

(d) Signal mapping of a robotic hand equipped with a 4848 array during dexterous grasping of 508 

different objects. (e) High spatial-resolution sensing in large-area robotic coverage with a 9696 array. 509 
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 510 

Fig. 2. Design and coding principle of the NI-skin system. (a) Schematic illustration of the structure 511 

and sensing principle of iontronic receptors. (b) Scanning electron microscopy (SEM) image of the 512 

microstructure on ionogel surface. (c) Optical image of the electrode array. (d) Capacitance response 513 

versus excitation frequency under varying applied pressures. (e) Normalized response curve at 514 

different excitation frequencies. (f) Consistency of sensitivity of a sensing unit across excitation 515 

frequencies from 1 to 20 kHz. (g) Photograph of the large-scale 9696 NI-skin and schematic 516 

illustration of the frequency-encoded signals used for spatial localization at the receiver. (h) Time-517 

frequency analysis of encoded signal response under constant force applied at different positions. 518 

  519 
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 520 

Fig. 3. Decoding and convergence of large-scale tactile signals. (a) Flowchart of decoding and 521 

compressed convergence for sensory encoding signals. The spinal layer is responsible for decoding 522 

encoded signals from receptors, subsequently compressing and aggregating the signals onto a data bus 523 

for the transmission to the central processor. (b-d) Response of decoded signals under pressure stimuli 524 

at different locations. ALR quantifies the extent to which the energy of the main spectral peak leaks 525 

into adjacent frequency bins. (e) Schematic illustration and simulation of ion-migration-induced 526 

crosstalk under electrode floating connection. (f) Schematic illustration and simulation of ion-527 

migration-induced crosstalk suppression in the NI-skin decoding system equipped with the PZP 528 

mechanism. (g) Schematic illustration of electrical crosstalk suppression between parallel circuit 529 

elements in the array under the PZP mechanism. (h) Crosstalk suppression analysis between iontronic 530 

sensing elements. (ⅰ) Without crosstalk suppression, the crosstalk reaches up to ~39.4%. (ⅱ) Under 531 

ionogel separation, crosstalk can be reduced to be ~1.7%. (ⅲ) With our PZP design, crosstalk is 532 

reduced to ~1.3%.  533 
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 534 

Fig. 4. Compressed sensing for large-scale tactile cognition in robotics. (a) Hardware framework 535 

of the hierarchical processing architecture for the aggregation and transmission of large-scale tactile 536 

information. (b) Trade-off between compression ratio and structural similarity index (SSIM) for 537 

optimizing lossy compression performance. (c) Demonstration of the advantages of tactile 538 

compression in reducing transmission bandwidth and enabling lightweight inference. (d) Dataset of 539 

grasping 10 different objects. (e) t-SNE visualization of the grasp dataset shows clustering of raw and 540 

compressed tactile events, indicating that key palmar tactile features are retained at high compression 541 

ratios. (f) Dataset of 10 distinct touch actions. (g) t-SNE visualization of the touch dataset reveals 542 

clustering of raw and compressed tactile events, demonstrating that key somatosensory features are 543 

preserved even at high compression ratios.  544 



 

29 

 

 545 

Fig. 5. Robotic fine manipulation and self-protection enabled by high spatiotemporal-resolution 546 

tactile perception. (a) Spatially resolving of fine structures with different diameters (3, 2, and 0.6 mm) 547 

using the NI-skin. (b) Determination of the two-point limen, which is about 0.8 mm. (c) Comparison 548 

of our NI-skin with human skin [5-8] and reported artificial skins [9,10,15,16,20,21,27] in terms of temporal 549 

resolution, spatial resolution, and the number of sensing elements. (d) Demonstration of a robotic hand 550 

equipped with NI-skin grasping a 0.5-mm diameter pencil lead. Demonstration of a robotic finger 551 

equipped with NI-skin grasping a 0.5-mm pencil lead, showing the real-time pressure distribution. (e) 552 

Real-time response curve of the maximum pressure on the NI-skin during a robotic finger grasping the 553 

pencil lead. (f) Tactile response distribution of high-density NI-SKIN during robotic finger grasping 554 

of objects with varying sharpness, modulated by the power-law index ݊ (#1-#3). (g) Tactile feature 555 

responses of high-density NI-SKIN during robotic finger grasping of objects with varying sharpness, 556 

including maximum pressure, activated element count, and maximum pressure gradient. (h) 557 
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Demonstration of safe interaction and self-protection with a robotic finger equipped with high 558 

spatiotemporal-resolution tactile perception. (i) Effectiveness of robotic self-protection with tactile 559 

pain perception. (j) Mechanical injury caused by the absence of pain perception and timely avoidance 560 

in robots. 561 
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