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Abstract
Flexible  tactile  sensors  serve  as  the  essential  sensory  interfaces  for  compliant  physical
interaction in  advanced intelligent  systems,  such as  embodied intelligence robotics  and
smart  wearable  devices.  To  meet  the  increasing  demand  for  rich  and  precise  tactile
information, achieving high-resolution perception has become a vital performance metric
for these flexible tactile sensing systems. This review presents a systematic overview of
flexible  tactile  sensors  from  the  perspective  of  high-resolution  realization  mechanisms,
mainly  encompassing  two  paradigms:  array-based  spatial  information  sampling  via
discrete taxel layouts, and array-free spatial information inference over continuous tactile
sensing  medium.  First,  dense  taxel  layouts  are  introduced  as  conventional  array-based
strategies  for  high-resolution  realization.  Then,  the  emerging  sparse  layout  strategies
enabled by artificial intelligence (AI) algorithms are described, achieving super-resolution
sensing  beyond  physical  layout  density.  Subsequently,  we  summarize  the  array-free
strategies for high-resolution tactile sensing over continuous sensing medium, focusing on
physics-based  inference  and  learning-based  prediction.  In  addition,  we  show  typical
examples  of  their  applications  in  enhanced  interaction  scenarios.  Finally,  future  trends
toward scalable, generalizable, multimodal,  and highly integrated flexible tactile sensing
systems  are  discussed,  with  scientific  challenges  and  potential  development  pathways
outlined.
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INTRODUCTION
Tactile sensing, unlike vision or audition, represents a fundamental and direct modality for interacting with

the physical world
[1,2]

. In biological systems, human skin serves as a typical paradigm of this capability. It

functions as a highly intricate sensory network and continuously acquires a wealth of physical information,

such as contact state, surface texture, and temperature. Such rich tactile information enables humans to

effortlessly perceive the outside environment and perform delicate manipulations
[3,4]

. Inspired by this

exquisite biological mechanism, diverse tactile sensors are designed to emulate these sensory capabilities. By

transducing mechanical stimuli at the contact interface into interpretable signals, tactile sensors enable

artificial systems to perceive physical contact events in a well-defined manner. This capability provides an

essential sensory foundation for advanced intelligent systems [e.g., dexterous robotics, embodied artificial

intelligence (AI), and smart wearable devices], whose performance increasingly depends on accurate and

real-time tactile feedback
[5-8]

.

Despite this critical demand, traditional tactile sensors, typically fabricated on rigid substrates like silicon,

metals, or ceramics, suffer from a fundamental mechanical mismatch with soft biological tissues and

complex curved surfaces. Their intrinsic rigidity hinders conformal integration, leading to unreliable signal

acquisition and degraded performance during dynamic interactions on deformable substrates. In contrast,

flexible sensing technologies have addressed these limitations through innovative material or structure

designs
[9-12]

 and novel fabrication paradigms
[13-16]

. Relying on advanced flexible manufacturing and

heterogeneous integration technologies, various functional sensitive units can be assembled onto different

flexible substrates. These engineered flexible sensors can precisely measure a wide range of physical

parameters, including normal pressure
[17-19]

, surface strain
[20,21]

, shear force
[22]

, vibration
[23]

, and temperature
[24]

.

At the same time, their flexible architectures endow them with attractive mechanical properties, such as

ultrathin profile, tunable mechanical modulus, excellent bendability, and significant stretchability. Benefiting

from these attributes, flexible tactile sensors exhibit intrinsic compliance and can seamlessly adhere to

curvilinear robotic skeletons or soft human skin, thereby mitigating the mechanical mismatch and ensuring

more robust acquisition of high-quality tactile signals
[25]

.

However, as intelligent systems are deployed in increasingly complex scenarios, the requirements for flexible

tactile sensing are rapidly extending beyond simple contact detection toward finer spatial perception. Tactile

sensing with higher spatial resolution enables robotic systems to perceive surface texture details, edge

contours, and local geometric variations of objects. By complementing these fine contact information with

visual perception, it allows robotic systems to better understand their surroundings and perform more

adaptive exploration in unstructured environments
[26]

. Human-machine interaction tasks likewise require

higher level tactile perception, as more refined tactile information helps systems more accurately interpret

contact information, thereby improving the effectiveness and responsiveness of physical interaction
[27]

. In

addition, many physiological signals manifested on the human body surface are accompanied by localized

pressure changes and subtle deformations, such as pulse-induced pressure f luctuations and

respiration-related deformation
[28]

. Access to finer-grained tactile sensing can improve the accuracy and

reliability of physiological signal acquisition in health monitoring devices
[29]

. As a result, the demands placed

on flexible tactile sensors are steadily evolving toward more precise perception and richer representation of

spatial details, making high-resolution sensing a key performance target for further advances in the field. In

this context, high resolution primarily refers to high spatial resolution, namely the capability of a tactile

system to resolve and localize spatially distributed contact stimuli within a defined sensing region. However,

it should be noted that the evaluation of spatial resolution is inherently dependent on the underlying

realization paradigm of the tactile systems. Different flexible tactile sensing architectures adopt distinct

mechanisms for acquiring and interpreting spatial information, and therefore their criteria used to quantify

high spatial resolution are not universally identical.
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Figure 1. Overview of realization paradigms and target applications for high-resolution flexible tactile sensors. AI: Artificial intelligence.

Considering these paradigm-dependent differences, a unified perspective is needed to understand how

high-resolution flexible tactile sensing is realized across different architectures. Existing reviews have

extensively discussed flexible tactile sensors from the viewpoints of material designs, transduction

mechanisms, device structures, and application scenarios
[30-32]

. However, a systematic understanding of

flexible tactile sensors from the perspective of high-resolution realization mechanisms remains limited,

particularly with regard to how spatial information is acquired, inferred, and evaluated in fundamentally

different sensing architectures. Clarifying these realization mechanisms can help reveal the underlying design

logic of high-resolution flexible tactile sensors and provide guidance for matching sensing architectures with

specific application requirements. From this perspective, this review categorizes high-resolution flexible

tactile sensing into two major realization paradigms: array-based spatial information sampling via discrete

taxel layouts, and array-free spatial information inference over continuous tactile sensing medium. In the

first paradigm, tactile information is acquired through localized sampling by spatially distributed sensing

units (taxels), and the achievable spatial resolution remains largely tied to the spatial layout of these

predefined sampling sites
[33-35]

. In the second paradigm, a continuous sensing medium interacts with

distributed contact stimuli and generates integrated physical responses, which are collected electrically or

optically by a limited number of terminal devices
[36-38]

. Spatial tactile information is then inferred from these

global responses through computational decoding. The essential distinction between these two paradigms

therefore lies in how spatial tactile information is obtained: one through discrete local sampling at predefined

taxel locations, and the other through computational inference from global readout signals of a continuous

sensing field.

As shown in Figure 1, in the following sections, this review systematically maps the recent progress in

high-resolution flexible tactile sensors through the lens of these two fundamental realization paradigms. We

begin by dissecting array-based strategies that enhance spatial resolution through structured dense taxel

layouts and AI algorithms-assisted sparse layout designs. Then, the focus shifts to array-free architectures

based on the continuous sensing medium, highlighting both physics-informed inference and learning-based

prediction frameworks. Representative applications are subsequently discussed to illustrate how

high-resolution flexible tactile sensors empowers advanced interactions in both human-centric and

robot-driven scenarios. Finally, we summarize prevailing challenges and outline open opportunities for

future developments of high-resolution flexible tactile systems.
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HIGH-RESOLUTION TACTILE SENSING ENABLED BY SPATIAL LAYOUTS OF TAXELS
A taxel represents the fundamental sensing unit in array-based tactile systems. Each taxel independently

transduces mechanical stimuli (e.g., normal pressure, shear force, or strain) into measurable electrical signals

through various physical mechanisms, including piezoresistive
[39]

, capacitive
[40]

, piezoelectric
[41]

, or

triboelectric
[42]

 effects. At the level of an individual unit, a taxel primarily provides localized amplitude

information that reflects the stimulus magnitude around its immediate vicinity. To acquire spatially

distributed tactile information over the interested region, multiple taxels are arranged into spatial layouts,

thereby forming a tactile sensor array. The realization of such flexible tactile arrays commonly relies on

several representative process routes: printing-based methods, laser processing, three-dimensional forming

techniques, and lithographic fabrication. Printing-based methods, such as screen printing, inkjet printing,

aerosol printing, and direct ink writing, are typically used to deposit conductive electrodes, sensing materials,

and interconnect patterns on flexible substrates in a cost-effective and scalable manner. Laser processing,

including laser scribing, laser ablation, and laser-induced functionalization, offers a mask-free and digitally

programmable route for defining sensing pixels, conductive traces, and local isolation structures.

Three-dimensional forming techniques, such as fused deposition modeling, photocuring-based 3D printing,

and 3D-printing-assisted molding or curing, are particularly useful for constructing microstructured

surfaces, elastic supporting layers, and conformal three-dimensional device geometries. In addition,

lithographic fabrication, often combined with thin-film deposition and etching, provides high patterning

precision and is therefore especially important for dense miniaturized arrays and transistor-based

backplanes. These process routes differ in attainable feature size, processing efficiency, material

compatibility, and integration capability, which are usually selected according to the intended array

architecture and sensing mechanism. For more detailed discussions of specific fabrication workflows and

process optimization, readers are referred to dedicated reviews on flexible sensor manufacturing
[43-45]

.

After achieving a taxel array, the spatial tactile map can be obtained by aggregating signals from taxels

distributed over different locations. From this perspective, array-based tactile sensing can be interpreted as a

spatial sampling process, analogous to pixelated imaging systems. The output of each taxel is intrinsically

linked to a fixed spatial coordinate, indicating that positional information is directly embedded in the signal.

Thus, spatial resolution is typically defined by structural parameters such as taxel pitch and layout density.

Improving spatial resolution in such systems naturally implies increasing the effective sampling density.

Dense taxel layouts for high-resolution

Driven by the demand for finer tactile perception in advanced intelligent systems, researchers have

progressively pursued denser taxel layouts as a straightforward means of improving spatial resolution.

Through shrinking taxel dimensions and reducing taxel pitch, taxel arrays can achieve higher layout density

to approximate continuous spatial sampling within a defined sensing region. In practice, such dense taxel

arrays can be broadly divided into two architectural forms based on their readout methods: passive-matrix

and active-matrix configurations.

Passive-matrix taxel arrays represent a conventional yet widely adopted solution for dense spatial sampling.

In this architecture, taxels are placed at the intersection of shared electrode lines in a row–column

configuration, where row lines and column lines are selected sequentially to complete a scan of the whole

tactile map
[46,47]

. This scheme effectively reduces wiring complexity compared to individually wired taxels and

thus appears naturally scalable toward high-density layouts
[48]

. However, as taxel size decreases and array

density increases, passive-matrix taxel arrays become increasingly constrained by crosstalk, which

fundamentally limits their effective spatial resolution
[49]

. Crosstalk in dense passive arrays arises from coupled

electrical and mechanical effects, but these two effects degrade the actual sensing resolution through different

pathways. Electrically, the absence of local switching elements permits unintended current paths and
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parasitic coupling through shared lines under matrix addressing. As electrode spacing decreases, those effects

in the shared network become more pronounced, leading to signal leakage and spurious responses in

neighboring taxels
[50]

. Consequently, ghost responses or false activations may appear in the final tactile map

readout even when no real mechanical stimulus is applied at those taxel locations. Mechanically, localized

deformation in flexible substrates can spread laterally through compliant layers and interconnect structures.

When taxels are densely packed, a single load may therefore induce simultaneous deformation in

neighboring units, leading to blurred tactile maps and increasing the minimum distinguishable distance

beyond the nominal taxel pitch
[51]

. Therefore, electrical crosstalk primarily introduces readout-level spatial

ambiguity, whereas mechanical crosstalk broadens the physical stimulus response at the material and

structural levels. Both mechanisms explain why reducing taxel pitch alone does not necessarily ensure

improved spatial fidelity or actual sensing resolution.

To mitigate these issues, several system-level strategies have been explored. For electrical crosstalk, one

common route is circuit-level optimization of matrix readout. Representative methods include

voltage-feedback schemes
[52]

 and zero-potential schemes
[53]

. Algorithm-assisted correction methods have also

been used to compensate for readout errors without relying entirely on hardware design
[54]

. In addition,

electrical shielding or insulating structures can be introduced to suppress parasitic coupling and unintended

current spreading in dense taxel grids. For mechanically induced crosstalk, decoupling designs are often

adopted to confine local deformation. Typical examples include modulus regulation
[55]

, bridge structures
[56]

,

and mechanical isolation features such as grooves or other supporting structures
[57]

. These approaches

collectively seek to preserve spatial separability while maintaining high taxel density, thus enabling high

resolution tactile perception capability.

Figure 2A shows a crosstalk-free high-resolution pressure sensor array fabricated via a two-step laser

manufacturing strategy. In this design, low-power laser-induced graphitization locally converts polyimide

into conductive porous graphene to define electrically isolated sensing units, while a subsequent high-power

laser cutting step forms serpentine interconnects that mechanically decouple adjacent units. By combining

taxel-level electrical isolation with strain-dissipating structural design, the device effectively suppresses both

electrical and mechanical crosstalk. As a result, the array achieves a spatial resolution of 0.7 mm with

significantly reduced interference (crosstalk coefficient down to -43.63 dB)
[58]

. Figure 2B presents a

high-density strain sensor array that achieves unprecedented spatial resolution through the

Fowler-Nordheim (F-N) tunneling effect of monodispersed spiky carbon nanospheres (SCNs). The authors

construct a dense, matrix-addressable array by assembling a highly ordered SCN film and precisely defining

the sensing units via laser scribing. Subsequently, silver/polydimethylsiloxane (PDMS) composite

interconnects are printed alongside pure PDMS insulators, which are strategically dispensed at the

intersections of the longitude and latitude lines to prevent electrical short circuits. By seamlessly co-curing

these elastomeric components into a unified sensing film, the device realizes a remarkable sensing density of

100 pixels cm
-2

 and exceptional inter-unit consistency (standard deviation ≤ 3.82%) for high-fidelity strain

field mapping
[59]

.

In contrast to passive matrices, active-matrix arrays incorporate switching elements at each sensing node,

most commonly transistors or diodes, enabling electrically isolated addressing
[60,61]

. In these transistor-based

implementations, the gate is typically connected to the row-select line (word line) and the drain is connected

to the column-readout line (bit line), while source is in series with the tactile sensing element or ground
[62]

.

Mechanical stimuli modulate either the impedance of sensing elements or the intrinsic gate potential and

channel conductivity of the transistor itself. Consequently, this modulation alters the output drain current

under an applied bias
[63]

. Because each taxel is addressed through a gated conduction channel rather than

direct current flow through shared lines, selective activation can be achieved at the node level. During
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Figure 2. High-density taxel arrays for high-resolution tactile sensing implemented in passive-matrix and active-matrix architectures. (A)
A passive-matrix flexible pressure sensor array with serpentine interconnects, enabling high spatial resolution and suppressed crosstalk.
Reproduced with permission from Ref.[58], Copyright © 2022 Wiley; (B) A high-density strain sensing array based on self-assembled and
patterned SCNs for detailed strain field mapping. Reproduced from Ref.[59] under the CC BY 4.0 license, Copyright © 2024 The Author(s);
(C) Large-scale integrated flexible pressure sensor array with CNT TFT active matrix, achieving enhanced spatial resolution and
minimizing crosstalk. Reproduced with permission from Ref.[66], Copyright © 2022 American Chemical Society; (D) 3D active-matrix
multimodal sensor array with vertically stacked TFT-based pressure and temperature sensors, which enable independent spatial mapping
of pressure and temperature. Reproduced from Ref.[67] under the CC BY-NC license, Copyright © 2025 The American Association for the
Advancement of Science. SCNs: Spiky carbon nanospheres; CNT: carbon nanotube; TFT: thin-film transistor; PRF: piezoresistive film; ILD:
interlayer dielectric; PI: polyimide.
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readout, only the transistors in the activated row are turned on by the gate-select signal, allowing the

corresponding taxels to be connected to the column readout lines. In contrast, the transistors in non-selected

rows remain in the off state and present a high impedance between the sensing elements and the readout

path. As a result, non-selected taxels cannot form effective sneak-current paths through the shared matrix

network, which substantially suppresses signal leakage during sequential addressing. This node-level

switching mechanism significantly reduces electrical crosstalk in dense arrays. Among active-matrix

architectures, thin-film transistor (TFT)-based arrays are particularly attractive for high-resolution flexible

tactile systems due to their compatibility with planar microfabrication processes
[64]

. Using lithographic

patterning, vapor deposition, or solution-based thin-film techniques, large-scale functional device arrays can

be monolithically fabricated in a compact footprint
[65]

. This enables thousands of independently addressable

taxels to be arranged with reduced readout interference.

Figure 2C presents a large-area active-matrix tactile sensor array that integrates a piezoresistive film with

carbon nanotube (CNT) TFTs to achieve high-density, electrically isolated readout. In this work, each

sensing unit is coupled to a CNT-TFT that functions as a local switching element. The pressure-sensitive film

modulates the electrical signal at the source node, and the gated conduction channel ensures that only the

selected taxels contribute to the readout current, effectively suppressing crosstalk during sequential scanning.

The demonstrated 64 × 64 array, featuring a remarkable taxel pitch of 0.9 mm, achieves stable pressure

mapping over a large area (e.g., resolving the footprint of an artificial honeybee)
[66]

. Advancing beyond

unimodal detection, Figure 2D demonstrates a 3D transistor-on-transistor active-matrix architecture

designed for the independent, spatially resolved sensing of both pressure and temperature. Each pixel

features a vertical stack: a top one-transistor–one-resistor (1T-1R) pressure sensor, comprising a TFT

coupled to a large-area reduced graphene oxide/polyvinylidene difluoride (rGO/PVDF) interlocked

microdome piezoresistive sheet, is situated directly above a bottom 1T temperature sensor. Both layers

cleverly share a common gate line to streamline matrix readout. To resolve the temperature cross-sensitivity

of TFT-based pressure readouts, the authors introduce a calibrated compensation strategy. They use the

co-located temperature signal to correct thermally distorted pressure currents, successfully reducing

temperature-induced variability in pressure readout by ~99%. The demonstrated 10 × 10 3D active-matrix

array (scale bar 1cm) achieves accurate and high-resolution 2D mapping of pressure over 0-20 kPa and

temperature over 25-50 °C
[67]

.

However, it is crucial to recognize that while active switching effectively suppresses electrical crosstalk,

mechanical coupling between neighboring taxels remains a fundamental bottleneck for spatial resolution.

Furthermore, integrating thin-film switching elements introduces inherent trade-offs, including heightened

fabrication complexity, increased power consumption, and long-term reliability challenges under repeated

mechanical deformation
[68]

. Therefore, while active matrices provide a structurally robust solution for

high-density addressing, further improvements in effective spatial resolution still depend on coordinated

system-level optimization. In summary, scaling down taxel pitch represents the most intuitive strategy for

achieving high-resolution tactile sensing. Both passive and active matrices rely on this geometric

densification to approximate continuous spatial perception through discrete sensing nodes. However, the

preceding analysis underscores that true spatial resolution is not exclusively dictated by physical

miniaturization. As array density scales, electrical crosstalk, mechanical coupling, fabrication complexity,

interconnect scalability, and power constraints collectively impose practical limits. Consequently,

continuously shrinking taxel size becomes increasingly costly and inefficient as a means of improving

effective resolution. To circumvent these physical hardware limitations, recent research has begun to leverage

computational methods to enhance the effective resolution of spatial tactile sensing. By pairing sparse taxel

layouts with advanced signal processing and AI algorithms, this approach offers a highly promising route to

achieving high-resolution perception with reduced hardware complexity.
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AI-assisted super-resolution tactile sensing

Unlike dense artificial taxel arrays that pursue higher spatial resolution primarily through geometric

miniaturization, the human skin naturally achieves remarkable tactile acuity despite a relatively sparse

distribution of mechanoreceptors. Biological tactile perception relies on a continuous, mechanically coupled

skin layer beneath which specialized receptors are distributed at discrete locations
[69]

. Mechanical stimuli

applied at the surface propagate through the compliant tissue, forming distributed strain and pressure fields

that are sampled by those underlying receptors. Through the integration of signals from multiple receptors

and higher-level neural processing, the human somatosensory system is capable of resolving spatial features

finer than the average receptor spacing - a phenomenon often described as tactile hyperacuity or biological

super-resolution (SR)
[70]

. This biological architecture suggests that high spatial resolution does not necessarily

require an absolutely one-to-one correspondence between sensing units and spatial sampling density.

Instead, it may stem from the joint decoding of related signals triggered by a single contact. Inspired by this

principle, recent research in flexible tactile sensors has begun to explore architectures wherein sparse taxel

arrays are embedded within compliant flexible substrates
[71,72]

. In these designs, the mechanical coupling

effect of the elastomer serves a critical transducing function: localized external mechanical stimuli induce

regional strain diffusion, simultaneously activating multiple adjacent discrete taxels. Consequently,

individual sensing units are no longer restricted to strict and independent point-to-point mapping. They

exhibit overlapping receptive fields and spatial correlations, highly analogous to the biological somatosensory

system. With access to these spatially correlated multi-channel signals and the known positional priors of the

taxel layout, traditional interpolation computational methods can complement the missing information

between predefined sampling sites, thereby recovering spatial details in a certain extent
[73]

.

The rapid development of AI and data-driven algorithms further enables this paradigm shift. By leveraging

machine learning models capable of extracting high-dimensional features from correlated taxel responses, it

becomes possible to reconstruct high-resolution tactile maps precisely from a limited number of sensing

units
[74,75]

. Within this framework, sparse taxel layouts combined with AI algorithms aim to achieve SR tactile

sensing like human skin, where the effective spatial resolving capability exceeds the geometric spacing of

taxels. The evaluation of such SR capability generally follows two complementary perspectives. From a

structural viewpoint, one may quantify how many distinguishable virtual contact points can be resolved

between adjacent physical taxels, reflecting the SR factor achieved relative to the number and spacing of real

sensing units
[76]

. This perspective characterizes how effectively sparse measurements are converted into finer

virtual spatial sampling. From a performance-oriented viewpoint, SR is directly quantified by localization

accuracy, typically measured through statistical error metrics such as root mean square error (RMSE) or

mean absolute error (MAE)
[77,78]

. These metrics reflect how precisely the inferred contact position or pressure

distribution matches the ground truth. Together, these two evaluation strategies provide a comprehensive

understanding of whether a sparse tactile system genuinely surpasses its geometric sampling limits. In the

following sections, we define SR factor as dividing taxel spacing by the localization prediction error (RMSE

or MAE) to quantify the SR capability.

Figure 3A presents a magnetosensitive electronic-skin (e-skin) that achieves SR tactile localization through

sparse magnetic sensing units combined with computational decoding methods. The device consists of a

flexible magnetic film with a one-dimensional sinusoidal magnetization profile and a sparse array of Hall

sensors positioned underneath. When external forces deform the flexible magnetic layer, the resulting

continuous 3D magnetic flux variations can be smoothly modulated and sampled by the underlying sensor

array. Owing to the spatial continuity of the magnetic field, each sensing unit captures overlapping and

correlated magnetic responses. Leveraging a machine learning algorithm to decode these distributed

magnetic variations, the system successfully achieves a localization MAE of 0.1 mm with a physical spacing

of 6 mm between neighboring Hall sensors, yielding a remarkable SR factor of 60
[79]

. Figure 3B demonstrates
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Figure 3. SR tactile sensing enabled by AI algorithms with sparse taxel layouts. (A) Soft magnetic e-skin that combines a sparse
Hall-sensor array with a sinusoidally magnetized flexible film, enabling force self-decoupling and deep learning-enhanced tactile SR.
Reproduced with permission from Ref.[79], Copyright © 2021 The American Association for the Advancement of Science; (B) A
barometer-based tactile skin with a sparse array embedded in an elastomer for SR contact localization. Reproduced with permission from
Ref.[80], Copyright © 2022 The American Association for the Advancement of Science; (C) Tactile e-skin with a bioinspired 3D layout of
force and strain sensors, enabling SR sensing through decoupled multimodal mechanosensation. Reproduced with permission from Ref.[81],
Copyright © 2024 The American Association for the Advancement of Science; (D) A skin-inspired sparse taxel array with overlapped
receptive fields, where a self-attention-assisted deep learning model reconstructs SR pressure distributions. Reproduced from Ref.[82]

under the CC BY 4.0 license, Copyright © 2025 The American Association for the Advancement of Science. SR: Super-resolution; AI:
artificial intelligence; e-skin: electronic-skin; TVI: taxel value isoline; 3DAE-Skin: three-dimensionally architected electronic skin; RA: rapid
adapting; SA: slowly adapting; SATS: self-attention-assisted tactile super-resolution; MSR: multi-point super-resolution.

a geometric SR tactile skin that embeds a sparse 5-by-5 grid of barometric units, within a continuous

elastomeric transmission medium. This architecture relies on the elastic properties of the material, which

lead to a characteristic spread of contact information to the underlying sensing taxels. External contact forces

deform the transmission medium, allowing the barometers to sense local volume changes in the form of

isotropic pressure. To solve the inverse problem of inferring high-resolution tactile information from these

sparse measurements, the system employs a data-driven multilayer perceptron (MLP) neural network. This

signal processing approach successfully localizes the contact position with an average RMSE of 0.161 mm.

With 6.5 mm physical taxel spacing, this system achieves a SR factor of 40, effectively creating highly

resolved virtual taxels from a l imited number of physical sensors
[ 8 0 ]

. Figure 3C highl ights a

three-dimensionally architected electronic skin (3DAE-Skin) that biomimetically mirrors the spatial

distribution of Merkel cells and Ruffini endings in human skin. The device features spatially distributed

arrays of force and strain sensors encased in a heterogeneous elastomeric encapsulation. With a physical

spacing of 2.5 mm between sensing units, the vertical separation structures intrinsically isolate mechanical
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stimuli, enabling the fully decoupled perception of normal forces, shear forces, and tensile strains. By using a

deep neural network (DNN) to decode the spatially correlated piezoresistive responses, the system achieves

SR contact localization with a RMSE of just 0.117 mm, corresponding to a SR factor of approximately 21
[81]

.

Figure 3D reports SR tactile sensor arrays with sparsely distributed taxels enabled by a universal intelligent

framework. The authors combine a topology-optimized taxel layout, which is designed to maximize

overlapped receptive-field coverage, with a self-attention-assisted tactile super-resolution (SATS) model. By

aggregating correlated tactile information across the overlapping receptive fields, the SATS model

successfully reconstructs a dense 54 × 50 SR pressure map. This remarkable extrapolation generates 2,700

high-fidelity virtual taxels from just 23 physical nodes, resulting in a spatial upsampling factor of ~117
[82]

.

Furthermore, the system exhibits an average localization RMSE of 0.73 mm, approaching human

fingertip-level acuity. Crucially, the framework leverages zero-shot generalization to robustly reconstruct

complex multi-point pressure distributions by training solely on single-point data. By evaluating the

0.73 mm localization precision against the array’s physical taxel pitch of 10.5 mm, the system finally achieves

a SR factor of 14.4.

HIGH-RESOLUTION TACTILE SENSING INDEPENDENT OF TAXEL LAYOUTS
As discussed above, array-based flexible tactile sensing systems have achieved substantial progress in

high-resolution perception through both dense taxel layouts and sparse arrays assisted by computational

enhancement. Nevertheless, their spatial information acquisition remains fundamentally anchored to

predefined taxel locations. As effective resolution continues to improve or sensing scale expands further,

such systems are typically accompanied by a growing number of sensing units and more complex

interconnects, along with heavier readout burdens. These inherent structural limitations have motivated the

exploration of alternative realization strategies for high-resolution tactile perception.

Departing from spatially discrete sampling in array-based tactile systems, the second realization paradigm

employs a continuous functional medium as the sensing layer (e.g., a piezoresistive/piezocapacitive film or

an optical layer). External contact alters the regional electrical, mechanical, or optical state of this continuous

medium, and the resulting state variations are collected by a limited number of terminal devices, such as

distributed electrodes, optical cameras, or other readout ports
[83-85]

. Instead of corresponding to predefined

local sampling sites, each readout channel reflects an integrated response of the continuous medium under a

given measurement configuration, for example, voltages measured across different electrode pairs or optical

images captured from a specific viewpoint. Then, the spatial tactile information can be inferred from these

global responses by computational decoding methods. As a result, the effective spatial resolution becomes

more dictated by the analytical precision and decoding capacity of the applied inference framework. On this

basis, array-free tactile sensing architectures can be broadly categorized into two realization mechanisms.

The first relies on physics-based inference. In this class of methods, the relationship between physical state

changes in the continuous medium and the global responses is explicitly described by a forward physical

model governed by known mathematical equations, as exemplified by conductivity perturbation models in

electrical impedance tomography (EIT)
[86]

 and field-distribution models in capacitive sensing media
[87]

.

Spatial tactile information can be recovered by inverting this forward model, typically through regularized

optimization or finite-element-based simulations. Thus, due to its distinctive reliance on interpretable

physical priors, the achievable spatial resolution in practice is mostly defined by the consistency between the

assumed forward physical model and the real sensing system.

Figure 4A reports an interconnect-free, array-free tactile mapping interface that achieves high-resolution

perception via EIT. The device features an ultrathin (~50 µm), intrinsically stretchable continuous sensing

medium composed of a homogeneous piezoresistive nanocomposite (multiwall CNTs embedded in an

elastomer matrix). The system solves the EIT inverse problem by utilizing global voltage measurements
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Figure 4. Physics-based inference and learning-based prediction of spatial tactile information in array-free tactile sensing architectures.
(A) An ultrathin EIT-based soft e-skin for high-resolution tactile mapping with multipoint detection and damage tolerance operation.
Reproduced from Ref.[88] under the CC BY-NC license, Copyright © 2024 The American Association for the Advancement of Science; (B)
SFITS that determines touch positions on a continuous ionic film from distributed voltage signals. Reproduced with permission from
Ref.[89], Copyright © 2025 Wiley; (C) Grid-free triboresistive touch sensor based on monolayered ionic PDMS for touch-point recognition.
Reproduced with permission from Ref.[90], Copyright © 2022 Wiley; (D) Bioinspired hexagonal tactile sensor combined with deep learning
for spatially continuous touch localization and modality recognition. Reproduced from Ref.[95] under the CC BY 4.0 license, Copyright ©
2022 The Author(s); (E) A hybrid sim-to-real learning framework for force-map reconstruction in a large-area ERT-based tactile sensor.
Reproduced from Ref.[96] under the CC BY-NC-ND 4.0 license, Copyright © 2022 The Author(s); (F) A compliant visuotactile gripper with
a multi-mirror optical system and a decoupled deep learning framework for accurate multimodal haptic perception under large
deformation. Reproduced from Ref.[97] under the CC BY-NC-ND license, Copyright © 2025 The Author(s). EIT: Electrical impedance
tomography; e-skin: electronic-skin; SFITS: silk fibroin ionic touch screen; PDMS: polydimethylsiloxane; ERT: electrical resistance
tomography; MWCNT: multiwall carbon nanotube; GND: ground; TPU: thermoplastic polyurethane; RGBW: red, green, blue, white; LEDs:
light emitting diodes.

collected from merely 16 peripheral electrodes, algorithmically inverting the pressure-induced conductivity

perturbations to a 40 × 40 virtual tactile map encompassing 920 effective pixels. This translates to a

pixel-to-terminal ratio exceeding 57, thereby demonstrating exceptional virtual information density. At the
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same time, the spatial fidelity of the virtual grid is rigorously validated through millimeter-scale localization

tests. It can successfully decouple and distinguish multiple physical stimuli spaced at strict 1-mm intervals. In

addition, by dynamically updating the reference state within the EIT algorithm, the reconstructed pressure

maps remain remarkably stable even under severe irreversible damage (e.g., physical razor cuts) or

temperature fluctuations, indicating the high resilience of this physics-based inverse reconstruction

paradigm
[88]

. Figure 4B demonstrates another representative array-free tactile interface based on a continuous

silk fibroin ionic conductor. In its two-dimensional configuration, the system employs only four peripheral

electrodes located at the corners of the sensing medium. When a touch occurs, the contact-induced coupling

capacitance perturbs the uniform electrostatic field across the continuous medium, and the precise spatial

coordinates are analytically inferred from the distributed boundary voltage measurements. Rigorous spatial

fidelity evaluations using a 9 × 9 uniform touch grid reveal that the peripheral regions initially exhibited

nonlinear spatial distortion due to inherent boundary field effects, yielding a maximum normalized

positioning error of 0.216. However, by coupling physics-guided finite-element method (FEM) simulations

with a radial basis function (RBF) correction algorithm, this spatial shift was computationally calibrated,

successfully reducing the normalized error to below 0.06. Furthermore, the voltage–distance relationship

maintains strict linearity even under 100% tensile strain and extensive cyclic loading, demonstrating highly

robust field inference despite severe mechanical deformation
[89]

. Sharing a fundamentally similar physical

inference architecture, the grid-free triboresistive touch sensing platform in Figure 4C is defined by a subtle

yet crucial mechanistic distinction: a completely self-powered operation. This platform leverages a

homogeneous monolayered ionic PDMS sheet where contact electrification inherently generates a local

electric field. Upon touch, the localized electrostatic perturbation drives an induced current, and the system

measures the redistributed voltage signals at the corners, which are inversely proportional to the internal

resistance between the touch point and each terminal. By solving this physics-based field inference model,

the exact touch coordinates are analytically inferred. This approach also achieves exceptional spatial fidelity,

successfully distinguishing spatial inputs with a strict 1-mm resolution
[90]

. Similar low-electrode non-taxel

strategies have also been extended from pure position acquisition to multimodality. For example, Huang

et al. proposed a layered location-and-pressure intelligent tactile sensor composed of a top Ag conductive

film, a middle CNT and porous polyurethane (PU) pressure-sensitive layer, and a bottom graphite

conductive film for continuous dual-modal tactile location and pressure perception
[91]

. It avoids densely

distributed sensing units and decodes touch information from electrical redistribution within a continuous

functional structure. The graphite layer enables pixel-less position perception through current shunting,

while the CNT@PU layer provides pressure-sensitive amplitude modulation, allowing synchronized

decoding of touch location and pressure using only three electrodes and two public output channels. This

design achieves a location precision below 0.4 mm and a pressure detection limit of 75 Pa, supporting

intention-driven human-machine interaction applications.

Although the above physics-based array-free tactile systems may appear similar to commercial capacitive

touch screens in terms of tactile position acquisition, their structural design goals and implementation routes

are substantially different. Commercial capacitive touch screens generally detect local capacitance variations

across dense arrays and are mainly optimized for planar coordinate input on rigid or slightly flexible

interfaces. In contrast, the physics-based array-free tactile systems discussed here use only a few peripheral

electrodes to collect global field responses from a continuous flexible medium, aiming to realize spatial tactile

inference on soft, stretchable, and deformable interfaces. This transition from rigid planar touch input to

flexible tactile mapping relies on both materials innovation and physical decoding architectures: flexible

conductive composites, ionic gels, elastomers, and robust electrode–medium interfaces provide stable

continuous sensing media, while simplified electrode configurations and physics-based inference models

decode spatial contact information from limited boundary readouts. Future efforts should further improve

material homogeneity, low-hysteresis response, interfacial stability, and model robustness under bending,
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stretching, pressure loading, and environmental drift, thereby moving toward practical flexible

touch-screen-like tactile systems.

However, when the relationship between contact stimuli and global readout signals becomes too nonlinear

or highly coupled to be accurately described by explicit physical models, learning-based prediction

frameworks provide another realization mechanism for array-free tactile perception. In contrast to the

physical-based methods, the learning-based pathway treats the continuous sensing medium as a highly

complex physical information encoder. Here, various neural networks [e.g., convolutional neural networks

(CNNs) or DNNs] are employed to directly learn the mapping between global measurements and distributed

spatial contact states. Rather than depending on exact forward physical modeling, these systems approximate

the underlying forward–inverse relationship implicitly through data-driven optimization
[92-94]

. This

data-driven parallel paradigm significantly broadens the designing freedom of array-free tactile sensors,

enabling them to bypass the theoretical bottlenecks of analytical modeling and exhibit exceptional decoding

ability when confronting highly complex medium properties or physical interactions that defy precise

mathematical formulation. It should be noted that this learning-based array-free paradigm is fundamentally

different from AI-assisted sparse taxel arrays in terms of the physical meaning of sensing and readout

channels. In sparse taxel arrays, the system consists of multiple sensing units sparsely arranged at predefined

spatial positions, and each sensing unit generally provides a local readout channel that reflects the

mechanical response around its own location. Learning algorithms then infer high-resolution tactile

information by enhancing, interpolating, or correlating these sparse local measurements. In contrast, an

array-free tactile system can be regarded as a single continuous sensing body equipped with multiple readout

terminals distributed at different positions. These terminals do not function as local taxels; instead, they

collect different global responses of the same continuous medium, in which the spatial information of

contact stimuli is mixed and encoded through the electrical, mechanical, or optical field of the material.

Therefore, this paradigm is categorized as array-free spatial inference rather than array-based SR.

As a representative implementation of this learning-based paradigm, Figure 4D demonstrates an array-free

tactile system utilizing a continuous piezoresistive medium. The sensor comprises a carbon black-coated PU

sponge, where global resistance variations are extracted via a single center electrode and six peripheral

boundary terminals. To process the highly complex nonlinear porous mechanics of the sponge, the system

employs a customized DNN that directly maps these sparse readout signals into spatial touch states.

Quantitatively, the model achieves robust spatial localization on unseen test locations, reporting MAE of 3.83

± 2.88 mm for radius and 3.79° ± 3.47° for angle
[95]

. Furthermore, to overcome the data-intensive bottleneck

typical of deep learning approaches, this work ingeniously exploits the structural geometry of the hexagonal

sensor. By introducing a symmetry-based self-augmentation strategy, the training dataset is computationally

expanded sixfold, which drastically reduces the empirical data collection burden by up to 98.1% while fully

preserving the model’s spatial generalization capabilities. Figure 4E presents a hybrid sim-to-real learning

framework for force-map reconstruction in a large-area electrical resistance tomography (ERT)-based tactile

sensor. In this architecture, the continuous piezoresistive sensing surface is composed of conductive textile

layers and a conductive foam layer, while 28 distributed electrodes collect sequential voltage measurements

from the deformable sensing medium. The authors construct an electromechanical multiphysics model to

synthesize voltage responses under diverse multi-contact conditions and further combine it with two DNNs.

Transfer-Net first learns the discrepancy between real and simulated voltage measurements, while Recon-Net

reconstructs the spatial force map from the transferred voltage signals. By leveraging approximately 290,000

simulated measurements and 90,000 real measurements, this modular pipeline improves multi-contact

force-map prediction on a 540 mm × 560 mm tactile surface. In unseen real multi-contact tests, the

best-performing configuration achieved an average contact localization error of 74.4 mm, a force estimation

error of 17.2%, and a contact diameter prediction error of -9.3%, outperforming both purely physics-based
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reconstruction and direct end-to-end learning
[96]

. Beyond the aforementioned electrical signal encoding

schemes, this data-driven paradigm demonstrates equally profound decoding capabilities within the optical

domain. Figure 4F illustrates a flexible visual-tactile sensory gripper that seamlessly integrates a highly

compliant Fin Ray skeleton with a continuous multi-layered sensing pad. To monitor dynamic physical

interactions, the system employs an internal multi-mirror optical arrangement, enabling a single camera to

continuously capture global high-resolution images of both direct contact deformations and mirror-reflected

views. As large-scale structural bending and complex multi-mirror reflections generate highly intertwined

global optical signals, the system utilizes a decoupled deep learning framework to process the visual data.

Customized CNNs are deployed to directly map these raw global images into five distinct haptic modalities.

Specifically, the learning models achieve a fine spatial resolution of 0.96 mm for contact localization,

alongside exceptional accuracies of 0.17 N for normal force and 0.24 mm for spatial proprioception. Coupled

with a 1.17 °C temperature estimation accuracy, the neural network-based implicit mapping successfully

translates complicated optical interferences into rich informational cues, ensuring high-fidelity, full-coverage

tactile reconstruction during highly deformable physical interactions
[97]

.

Beyond the above two broadly discussed routes based on physical-based inference and learning-based

prediction, on-site optical visualization provides another material-driven strategy for array-free tactile

position acquisition. In this approach, the sensing medium itself generates local color change or light

emission at the stimulated region, allowing contact position, object shape, and pressure distribution to be

directly visualized without constructing a dense electrical sensor matrix. Representative mechanisms include

mechanoluminescence, piezophototronics, pressure-controlled electrochromism, and structural color

changes
[98]

. For example, an octopus-inspired hybrid device integrates ionic pressure sensing with

electrochromic visualization, enabling pressure magnitude, contact position, and object shape to be

perceived through both capacitance signals and visible color changes
[99]

. This strategy can provide intuitive

spatial feedback and reduce the dependence on external data-processing or display modules.

In conclusion, despite the structural simplicity and scalability advantages of array-free tactile sensing

architectures, several inherent bottlenecks continue to constrain their practical deployment and ultimate

perceptual fidelity. For physics-based inference frameworks, the inference process is commonly bound to

inverse problems, which are notoriously ill-posed and highly sensitive to boundary conditions
[100]

.

Consequently, even minute measurement noise or subtle forward-model discrepancies (e.g., electrode

configuration mismatches or medium inhomogeneity) may be amplified during inversion, ultimately leading

to reduced spatial fidelity of the reconstructed information. This limitation becomes particularly critical in

long-term robotic or wearable deployment, where material aging, repeated deformation, and environmental

variations may gradually alter the actual physical response of the sensing medium and make it deviate from

the assumed theoretical model, resulting in unstable performance. In addition, the adopted physical model

often defines the perceptual modality of the system. For example, EIT-based reconstruction is typically more

suitable for recovering quasi-static conductivity or pressure-induced perturbation distributions, whereas

accurate dynamic force sensing remains challenging because the boundary voltage responses may be affected

by the high coupling of normal and shear interactions. Similarly, field-based touch models can provide

efficient coordinate inference under simplified contact assumptions, but their analytical formulations may

become less reliable when facing multi-point contacts and complex force distributions. Conversely, while

learning-based prediction models elegantly bypass physics-based inversion, they introduce a heavy reliance

on dataset richness and distributional representativeness
[101]

. Although DNNs achieve exceptional

intra-distribution accuracy, they frequently suffer severe performance degradation when confronting

out-of-distribution (OOD) scenarios. In practical applications, such OOD conditions may arise from unseen

contact conditions (e.g., dynamic force, variations of loading speed and contact geometry), uncalibrated

environmental fluctuations, and device-to-device differences
[102-105]

. These factors can cause distribution shifts
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between the training dataset and real operating data, making it difficult for a model trained under predefined

conditions to accurately predict tactile information in continuously changing interaction scenarios.

Furthermore, the “black-box” nature of purely data-driven approaches often lacks physical interpretability,

undermining their reliability in safety-critical interactive applications. Moreover, from a system-level

perspective, an inherent tension persists between computational complexity and real-time responsiveness.

Extracting high-resolution spatial information across expansive continuous areas necessitates either solving

high-dimensional inverse matrices or executing DNNs, both of which impose substantial latency and energy

overheads, posing significant challenges for both high-frequency interactive and resource-constrained

systems
[106]

.

Looking forward, the next leap in array-free high-resolution tactile sensing will likely be driven by several

synergistic advancements. The integration of physics-informed machine learning (e.g., physics-informed

neural networks, PINNs) promises to bridge the gap between model-based interpretability and data-driven

robustness, profoundly stabilizing the reconstruction of ill-posed problems under limited measurements
[107]

.

Incorporating adaptive calibration and self-supervised learning mechanisms will be beneficial to maintaining

lifelong algorithmic reliability against inevitable material degradation and environmental drifts
[108]

. In

conclusion, the array-free paradigm is not poised to entirely replace discrete array-based architecture. Rather,

it serves as a powerful complementary pathway, shifting the mechanism of high-resolution perception from

spatial sampling of discrete taxel to the algorithmic inversion of continuous sensing medium. The continued

evolution of physical modeling, data-driven learning, and system integration techniques will determine how

effectively this paradigm can support future intelligent interaction systems.

APPLICATION
Whether employing dense taxel arrays, algorithmically enhanced sparse layouts, or computational inference

over continuous sensing media, these high-resolution flexible tactile sensing systems share a unified

objective: to effectively and precisely resolve spatially distributed contact information within a defined

sensing region. Such spatially detailed tactile information significantly improves a system’s ability to interpret

complex contact stimuli, playing a critical role in interaction tasks
[109-111]

. In practice, these advanced tactile

systems primarily serve two distinct subjects. The first subject encompasses robotic systems, which integrate

tactile sensing to intelligently engage with physical objects, explore unstructured environments, and

accomplish complex interactive tasks
[112,113]

. The second subject involves human users, for whom tactile

systems act as interactive platforms to connect with machines, teleoperated proxies, or extended reality (XR)

environments
[114-118]

. In the following sections, we analyze representative interaction scenarios for both

subjects and discuss how high-resolution tactile information contributes to improved interaction

performance.

For robotic systems, tactile perception functions as a critical feedback channel during active physical

interaction. Particularly in robot–object interaction scenarios, this high spatially resolved tactile feedback is

vital for executing stable grasping, early slip detection, and dexterous manipulation
[119]

. Figure 5A illustrates

the adaptive robotic grasping of fragile objects under external disturbances, enabled by high-resolution

feedback from a SR magnetic tactile skin with sparse taxel layout. The fundamental advantage of this

intelligent tactile system lies in its dual capability: driven by the SR framework, it not only achieves

sub-millimeter contact localization but also extracts highly sensitive, self-decoupled normal gripping forces

(F
z
) and external shear forces (F

x
) at that precise contact node. In the first case, when a grasped fragile egg is

subjected to an unpredictable downward dragging force, the system continuously monitors the F
x
/F

z
 ratio at

the localized contact interface. Through evaluating this real-time grasping state against the strict boundaries

of the physical friction cone, the robotic hand detects incipient sliding trends and adaptively tightens its grip

to maintain a secure hold, immediately relaxing the pressure once the disturbance subsides to prevent
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Figure 5. Applications of enhanced interaction enabled by high-resolution flexible tactile sensors. (A) Robot–object interaction involving
stable grasping and adaptive holding enabled by a soft magnetic skin with SR localization and self-decoupled force sensing. Reproduced
with permission from Ref.[79], Copyright © 2021 The American Association for the Advancement of Science; (B) Robot–environment
interaction supported by large-area tactile perception on curved prostheses using a biomimetic hydrogel-based e-skin. Reproduced with
permission from Ref.[121], Copyright © 2022 The American Association for the Advancement of Science; (C) Human-machine interaction
using a SR sparse taxel array, including a miniaturized tactile keyboard and embodied tactile perception on a robot hand. Reproduced from
Ref.[82] under the CC BY 4.0 license, Copyright © 2025 The American Association for the Advancement of Science; (D) XR interaction
based on a SFITS that converts touch and handwriting inputs into commands for manipulating 3D virtual models. Reproduced with
permission from Ref.[89], Copyright © 2025 Wiley. SR: Super-resolution; e-skin: electronic-skin; XR: extended reality; SFITS: silk fibroin ionic
touch screen; MSR: multi-point super-resolution; DMM: desktop multimeter; AC: alternating current.

crushing. Similarly, when securing a bottle continuously filled with water, the tactile feedback loop

dynamically intensifies the normal gripping force to counteract the progressively increasing downward shear,

actively preventing macroscopic slip. This synergy of highly precise localization and decoupled mechanics

highlights a highly promising pathway for delicate manipulation in unstructured setups
[79]

.

Beyond localized object manipulation, high-resolution tactile sensing is equally indispensable for large-scale

robot–environment interactions, where physical contacts frequently occur across expansive and curved

surfaces. Unlike precision grasping, which exploits high-density tactile information within a confined

footprint for localized force regulation, environmental interaction highlights the critical ability of

maintaining high-fidelity spatial resolution over broad, continuous areas
[120]

. In these scenarios, robotic
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systems must not only detect the occurrence of contact but also reconstruct high-fidelity spatial pressure

distributions to facilitate precise collision localization, safe physical human-robot interaction (pHRI) and

whole-body compliant control. Figure 5B presents a biomimetic hydrogel electronic skin that synergistically

integrates physics-based EIT reconstruction and passive acoustic sensing to enable large-area array-free

tactile perception. The system utilizes a compliant ionic hydrogel as a continuous tactile medium,

strategically embedded with sparsely distributed electrodes. As demonstrated on large and curved robotic

surface or custom-molded prosthetic arm, this hydrogel-based electronic skin can seamlessly conform to

complex 3D geometries. Through inverse reconstruction algorithms, the device achieves accurate

localization and deformation maps reconstruction of external stimuli across a broad sensing area. Such

reconstruction capability enables robotic platforms to perceive environmental contact over extended

surfaces, thereby supporting adaptive interaction behaviors
[121]

.

Beyond the above task-specific demonstrations, high-resolution tactile sensing further serves as a key

perceptual foundation for embodied intelligence in robotic systems for future development. Embodied

intelligence requires robots to acquire, update, and utilize physical knowledge through continuous

interaction with objects and environments, rather than relying solely on visual recognition or pre-defined

motion planning
[122]

. In this context, spatially resolved tactile feedback transforms physical contact into

structured contact-state representations, including contact location, pressure distribution, force gradients,

and whole-body contact maps
[123]

. These rich tactile representations enable robots to evaluate the

consequences of their own actions and adapt subsequent motor commands, thereby supporting

contact-aware manipulation, tactile-guided exploration, and interaction-driven policy learning
[7,26,83]

.

Therefore, high-resolution tactile sensing is not merely an enhancement of local sensing accuracy, but an

essential interface through which robotic agents close the perception-action loop and develop more adaptive

behaviors in unstructured real-world environments.

Shifting the focus to human-centered interactive systems, high-resolution flexible tactile sensors functions as

a critical interface that seamlessly translates human physical contact into precise digital interpretations
[124]

. In

this context, the primary advantage of high spatial resolution lies in fundamentally expanding the

information bandwidth of the interactive platform. By accurately capturing fine-grained, spatially distributed

contact patterns within a limited interface area, the system can meticulously distinguish a vast array of subtle

touch behaviors, including multi-point inputs, and complex sliding trajectories. This capability allows the

tactile interface to encode an exceptionally high density of interactive commands into a compact physical

footprint, avoiding the need for cumbersome mechanical buttons layout and enabling highly efficient and

convenient human-digital communication.

Exemplifying this high-bandwidth encoding, Figure 5C illustrates a SR tactile skin that pairs a sparsely

distributed sensor array with a self-attention-assisted deep learning framework. Leveraging this

computationally enhanced resolution, a customized miniature keyboard is directly mapped onto a compact

continuous sensing area. During user interaction, the reconstructed high-fidelity pressure maps precisely

localize the contact centroids, ensuring the stable discrimination of closely spaced adjacent keys. This

super-resolved localization seamlessly supports real-time typing and calculator applications without relying

on discrete physical buttons. Furthermore, when integrated onto a robotic hand, the sensing system instantly

translates real-world physical stimuli into synchronized interactive reactions within the virtual space. This

comprehensive demonstration perfectly highlights how algorithmically expanded tactile resolution can

compress complex, multi-command interfaces into a minimal hardware footprint, profoundly empowering

next-generation human-machine interactions
[82]

.
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High-resolution tactile sensing also plays an increasingly important role in XR interaction. Modern

controller-free XR interactions primarily rely on optical hand tracking to capture finger dynamics, but such

approaches remain vulnerable to visual occlusion and often require substantial computational resources to

maintain accuracy and low latency. High-resolution tactile interfaces can complement these vision-based

approaches by providing an additional high-bandwidth physical input channel. Figure 5D demonstrates an

array-free silk fibroin ionic touch screen (SFITS) that functions as a highly deformable, skin-like virtual

reality (VR) interactive interface. Owing to their continuous capacitive sensing mechanism, SFITS can infer

touch coordinates across a flexible surface using only peripheral electrodes, enabling spatially resolved touch

information acquisition. Leveraging this capability, the authors implement a VR interaction framework in

which handwritten inputs and touch gestures on SFITS are converted into digital commands, allowing users

to access virtual protein libraries and manipulate three-dimensional models through corner-based control of

rotation and scaling. In this way, spatially rich tactile input provides a complementary interaction modality

for XR systems, enriching the interaction space and mitigating some of the limitations inherent to purely

vision-based interfaces
[89]

.

CONCLUSION AND OUTLOOK
This review systematically examines recent advances in high-resolution flexible tactile sensors, focusing on

the fundamental strategies that enable enhanced spatial perception capability. We categorized the major

implementation pathways into array-based spatial information sampling via discrete taxel layouts, and

array-free spatial information inference over continuous sensing medium. By comparing their respective

advantages and limitations in terms of spatial resolution, system complexity, scalability, and robustness, we

highlighted how high-resolution tactile perception is no longer exclusively bound to physical layout

densification. Instead, it is increasingly driven by intelligent signal processing and computational decoding.

Finally, we introduce its broad spectrum of applications, spanning dexterous robotic manipulation,

large-area environmental perception, human-machine interactive interfaces, and XR interaction, where

high-resolution tactile sensing plays an indispensable role in interpreting complex contact stimuli,

fundamentally elevating interaction veracity, stability, and adaptability.

Despite these remarkable advances, significant gaps remain between current artificial flexible tactile systems

and the biological skin at the spatial information richness, adaptability, and integration level. As conceptually

illustrated in Figure 6, several pivotal challenges and emerging opportunities merit further exploration to

propel the field toward human-level embodied perception.

I. Scalability: Large-Area High-Resolution Tactile Perception

Currently, high-resolution tactile sensing technologies have demonstrated exceptional perceptual fidelity

within localized interactive regions, such as robotic fingertips or small grippers. Achieving high spatial

resolution over expansive areas without incurring abundant overheads in wiring, readout complexity, power

consumption, and data processing remains a critical challenge. Future breakthroughs will likely converge on

how to simplify signal acquisition at the physical level via ingenious structural designs and mechanism

discoveries. Concurrently, by coupling these with more efficient inference algorithms, systems will be able to

stably decode high-resolution and large-area spatial tactile information from a limited number of hardware

measurement channels.

II. Generalization: Robust Perception Across Varying Geometries and Contact States

Most current high-resolution realization frameworks are developed and validated under controlled contact

conditions or pre-defined surface configurations. However, practical deployment requires stable tactile

perception on dynamic surfaces and under varying contact states. In these unstructured scenarios, severe

mechanical deformations, geometric nonlinearities of the medium, and the resulting sensor data domain
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Figure 6. Future perspectives for high-resolution flexible tactile sensors.

shifts can drastically degrade the performance of existing flexible tactile systems. Advancing this field may

require the co-design of adaptable sensing architectures and physics-informed learning algorithms capable of

embedding prior contact mechanics and material constitutive relations into the inference process,

maintaining robust and consistent spatial perception across diverse geometric shapes and unpredictable

interactive scenarios.

III. Multimodality: Sensing and Decoupling of Heterogeneous Tactile Stimuli

Human skin possesses the innate ability to simultaneously perceive normal pressure, shear forces, different

frequency vibrations, and temperature variations without confounding the signals. In contrast, most current

high-resolution tactile sensing systems remain restricted to single-modal, primarily normal pressure. When

exposed to complex physical interactions in real world, they frequently suffer from severe multi-physical

signals coupling. Decoupling heterogeneous tactile stimuli and capturing nonlinear physical behaviors

remain open challenges. Recent studies have explored special-design strategies such as magnetic field

encoded force decoupling
[79]

, bioinspired 3D structural decoupling
[81]

, overlapped receptive-field and

attention-based algorithmic multi-site decoding
[82]

, and optical deformation-field-based multimodal

encoding
[97]

. Future efforts may focus on materials science and structural engineering combined with

backend algorithms to further develop multimodal tactile sensing systems with intrinsically decoupled and

high-resolution responses.

IV. Integration: Toward Compact and Intelligent Tactile Systems

In prevailing implementations, sensing layers, data acquisition modules, and signal processing units remain

physically separated, resulting in bulky and power-intensive systems. Moving toward compact and integrated

platforms with in-sensor intelligence represents a promising direction. Embedding signal conditioning and

AI algorithms directly into the flexible tactile sensing systems could significantly reduce transmission latency

and system complexity while enhancing real-time responsiveness. Such integration will be crucial for future

embodied interaction applications.
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Overall, advancing high-resolution flexible tactile sensors will require coordinated progress across materials

engineering, structural design, signal processing, and intelligent algorithms. By bridging hardware

innovation with algorithmic intelligence, next-generation tactile systems may approach the information

richness, contact adaptability, and functional integration of biological skin, unlocking new possibilities in

robotics, healthcare, and immersive human-machine interaction.
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