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Tactile technologies that can identify human body features are valuable in clinical diagnosis 

and human-machine interactions.  Previously cutting-edge tactile platforms can identify 

structured non-living objects; however, human body feature identification remains challenging 

mainly because of the irregular contour and heterogeneous spatial distribution of softness.  Here 

we develop freestanding and scalable tactile platforms of force-softness bimodal sensor arrays, 

enabling tactile gloves to identify body features using machine learning methods.  The bimodal 

sensors are engineered by adding a protrusion on a piezoresistive pressure sensor, endowing 

the resistance signals with combined information of pressure and the softness of samples.  The 

simple design enables 112 bimodal sensors to be integrated into the thin, conformal, and 

stretchable tactile glove, allowing the tactile information to be digitalized while hand skills are 

performed on the human body.  The tactile glove shows high accuracy (98%) in identifying 

four body features of a real person, and four organ models (healthy and pathological) inside an 

abdominal simulator, demonstrating body feature identification of the bimodal tactile platforms 

and showing their potential use in future healthcare and robotics.   

 

1. Introduction 

The identification of the human body features by touch is critical for the clinic and human-

robot interactions.[1-20]  For example, doctors commonly palpate a patient’s body by feeling the 

softness using their hands and fingers to assess the exact pain locations for diagnostic evaluation 

and to locate specific anatomic structures and abnormalities during surgery.[21]  New-generation 

social robots are required to interact with people smoothly and naturally and to obtain social-

cognitive skills including emotion-based body interactions,[22-24] e.g. recognizing and 

interpreting the personality and affective information of a person during a handshake because 

the hand features and gripping forces vary from individuals and psychological status.[25, 26]  

Digitalizing the touch-based identification process on the human body provides quantitative 

and objective results, which would revolutionize subjective and experience-based conventional 

palpation in the clinic, as well as facilitate the development of human-like social robots.  To 

achieve this, a desirable approach is to develop tactile gloves fully covered with sensor arrays 

that can record tactile information during hand-body interactions. 

Recently remarkable progress has shown that wearable sensor arrays with hundreds of 

pressure sensors can identify objects with various shapes and human-environment interactions 

using machine learning methods based on large-area tactile information.[27,28]  Development of 

quadruple sensors allows sensing of four different types of mechanical and thermal information, 

and a robot hand integrated with only ten quadruple sensors enables garbage sorting with high 
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identification accuracy,[29] showing that increasing the sensing modalities of single sensors can 

significantly enhance the accuracy.  Considering the irregular shape and heterogeneous spatial 

distribution of the softness in the human body, tactile sensor arrays that can sense large-area 

force and softness are desired for the identification of the human body.  Although pressure 

sensor arrays have been widely developed and have shown the ability to differentiate the 

softness, they can only be considered as single softness devices.[10]  The fabrication of tactile 

softness device arrays has been hindered because specialized tactile softness devices typically 

require deliberate design and complicated fabrication.[7, 21, 30-32]  For example, a single 

stretchable strain sensor enables Young’s modulus of soft materials to be measured simply by 

touching and independent of the touching forces, which requires the fabrication of millimeter-

scale three-dimensional self-locked structures.[7]  Therefore, scalable fabrication of high-

density force and softness bimodal sensor arrays remains challenging. 

Here, we develop freestanding and scalable wearable tactile platforms of force-softness 

bimodal sensor (FSS) arrays.  The bimodal tactile platforms can be tailored according to target 

subjects, yielding a tactile glove fully covered with 112 FSSs that can identify body features 

using machine learning methods.  The FSS is designed for sensing the combined information 

of pressure and the softness of samples, which is achieved by simply adding a protrusion on top 

of a piezoresistive pressure sensor.  Based on data analysis from multiple tests, a single FSS 

can differentiate the softness of different samples.  The design contributes to a thin (< 1 mm), 

conformal and stretchable tactile glove that features large-area force and softness sensing and 

allows for finger dexterity and the natural sense of touch.  A comparison between our tactile 

glove with other tactile gloves has been presented in Table S1.  Combined with a support vector 

machine classifier, which is a supervised machine learning algorithm, our tactile glove 

identifies four body parts in a real person and four healthy and pathological organ models in a 

medical abdominal simulator with high accuracy (98%).  This work demonstrates a bimodal 

tactile platform for digitalizing the interaction with the human body and identifying body 

features, showing the potential use for establishing objective diagnostic approaches in the clinic 

and advanced tactile systems for robotics.   

 

2. Results and discussion 

2.1. Freestanding and scalable force-softness bimodal tactile platforms 

In principle, a pressure sensor made of a piezoresistive film on a pair of interdigital 

electrodes can only detect pressure (Figure 1a, i).  When different samples with varied softness 
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are pressed on the sensor, the resistance signal is only dependent on the pressing force (Ftot) and 

independent of the materials (Figure 1b, i).  However, when a protrusion is added to the pressure 

sensor (Figure 1a, ii), the resistance experiences two phases (p1 and p2) and is dependent on 

both the total pressing force (Ftot) and Young’s modulus (E) of the samples (Figure 1b, ii).  The 

mechanism is presented in Figure 1c.  In p1, both softer and harder samples are pressed on the 

protrusion with the same total pressing forces (Ftot) without touching the substrate, yielding the 

same forces applied on the protrusion (Fp, Fp-s = Fp-h = Ftot), and no force exerted on the substrate 

(Fs, F s-s = Fs-h = 0).  With the increasing pressing forces (moment t0), the softer sample deforms 

more and comes into contact with the substrate (with a touching force Fs-s = 0) as compared to 

the harder sample (Fp-s = Fp-h).  With further increase of the pressing forces (moment t1), more 

pressing force on the softer sample is shared by the substrate (Fs-s > 0), while the harder sample 

comes into contact with the substrate (Fs-h = 0), leading to an actual smaller force on the 

protrusion for the softer sample (Fp-s < Fp-h) and consequently a higher resistance signal (Rs > 

Rh).  The trend follows when the pressing forces (moment t2) are increased further, leading to 

higher resistance for the softer sample (Fp-s < Fp-h, Rs > Rh).  Therefore, the sample softness can 

be deduced from the resistance change of the pressure sensor with a protrusion; the softer the 

sample, the higher the resistance under the same pressing forces.  Detailed theoretical analysis 

was presented and a universal equation between the force exerted on the protrusion (Fp), the 

total force (Ftot), and Young’s modulus of the samples (E) was established (Note S1 and Figure 

S1, S2, Supporting Information).  

Based on the simple principle, a freestanding, scalable, conformal, and stretchable tactile 

platform with 200 FSSs distributed in a large area (120 mm × 235 mm) can be fabricated using 

industrial adaptable processes (Figure 1d and Figure S3).  To enable correct force and softness 

mapping, a co-grounded individual channel routing method (COIN) was used for the electrode 

design (Figure S4).  This means all 200 sensors share only 1 common electrode and each an 

individual counter electrode, yielding a total of 201 electrodes.  The COIN allows each sensor 

to be tuned, collected, and calibrated individually, avoiding the crosstalk effect and enabling 

correct tactile mapping.[27, 28]  Moreover, the design increases system reliability against possible 

cascading effects from single points damage.  Figure 1e schematically presents the architectural 

design of a single sensing unit.  Coaxial circular electrodes were designed in each unit, and the 

outer electrode was electrically connected with the counter electrode while the inner one was 

connected with the common electrode through via holes.  Commercial piezoresistive films 

(Velostat, 3M) were punctured into circular sheets and were adherent to the coaxial circular 
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electrodes by hot-press.  The films were then sealed to avoid peeling off, and a hemispherical 

protrusion adhered to the top. 

 
Figure 1.  The force-softness bimodal sensing mechanism of the FSS and the freestanding and 
scalable bimodal tactile platform.  a) Schematic showing pressure sensors without (i) and with 
(ii, FSS) a hemispherical protrusion on the top pressed by a sample.  The pressure sensor is 
made of a piezoresistive film placed on a pair of interdigital electrodes.  b) Graphs indicate the 
difference in resistance change between the two sensors when samples with different softness 
(Young’s moduli) are pressed on them.  The FSS can identify the different samples (ii), while 
the pressure sensor cannot (i).  c) Schematic showing the mechanism of softness identification 
of the FSS.  Softer samples lead to higher resistances of the sensor than harder ones under the 
same pressing forces.  p1, the phase that both softer and harder samples only touch protrusion 
but not substrate.  t0, the time when the softer sample starts to touch the substrate, but the harder 
sample does not.  t1, the time when the harder sample starts to touch the substrate.  t2, the time 
after both samples touch the substrate.  Fs-s, force on substrate pressed by softer sample.  Fs-h, 
force on substrate pressed by harder sample.  Fp-s, force on protrusion pressed by softer sample.  
Fp-h, force on protrusion pressed by harder sample.  d) Photos showing a freestanding, scalable 
(i), conformal (ii), and stretchable (iii) sensor array with 200 FSSs.  e) Schematic showing the 
architectural design of a single sensing unit.  The piezoresistive film adheres to a pair of coaxial 
circular electrodes, which connect with the common electrode and the counter electrode through 
via holes, respectively.  The piezoresistive film is further sealed, and a hemispherical protrusion 
adheres on the top. 

 

2.2. Properties of the FSSs 

To demonstrate the bimodal sensing of our FSSs, circular interdigital electrodes 

(chromium (Cr, 3 nm)/gold (Au, 100 nm)) were fabricated on polyester (PET) films, and the 
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commercial piezoresistive film was adhered on the top using polyimide tapes (Figure S5a).  

This structure yields a pressure sensor with a non-linear mechanical-electrical relationship 

(Figure S6), and adding a protrusion to it forms the FSS.  The FSS was pressed by six different 

samples with the same pressing speed before the pressing force reaches 20 N, which was under 

the control of a commercial mechanical testing system (Figure S5b, c). 

 
Figure 2.  Properties of the FSS.  a) Resistance of the FSS decreases differently under the 
pressing of six different samples controlled by a mechanical testing machine (schematically 
shown in the inset).  Different colored curves indicate samples with different Young’s moduli.  
b) The minimum response forces of the FSSs are ~2 orders of magnitude lower than those of 
the pressure sensors.  c) Normalized resistances of the FSS when pressed by different samples 
at 20 N (red dashed box in (a)) showing that the resistance decreases with the increase of 
samples’ Young’s moduli.  d) The resistance-time curves of the FSS pressed by two different 
samples.  Data are taken and transferred from (a).  Two feature variables are extracted from 
each curve: Rmin, the minimum resistance;  T0, the time that the resistance drops at 85% of the 
resistance change.  Lower Rmin indicates higher pressing forces for the same sample, while 
larger T0 indicates softer samples.  e, f) Comparison of the two feature variables between an 
FSS (e) and a pressure sensor (f) when pressed by six samples without the intentional control 
of a person, showing that the FSS identifies different softness, while the pressure sensor cannot.  
Different colored dots indicate different samples as indicated in (f).  
 

Figure 2a highlights the differential resistance changes of the FSS when pressed by 

different samples: for the pressing of softer samples, the resistance drops slower at the initial 

stage and always remains higher than that of harder samples, indicating that the resistance signal 

involves the information of the pressing force and the softness of the samples, which proves 

our idea.  The heights of the protrusions were investigated and were shown to have negligible 

influence on the trend of resistance change while they all contribute to enhanced sensitivity 

(Figure S7).  The softness and the morphologies of the protrusion were also investigated and 
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showed no obvious influence on the FSS performance (Figures S8, S9).  However, the flatness 

of the sample surface influenced the tests, and curved surfaces tended to cause smaller 

resistances (Figure S10).  Thus the FSS with the hemispherical protrusion of 1 mm height and 

flat samples were selected for further study, which shows minimum detection forces that are 

much smaller than those of the pressure sensor (Figure 2b).  Based on the minimum detection 

force (~20 mN), a minimum Young’s moduli of samples was numerically calculated as 12 kPa 

(Figure S11).  The resistances of the FSS at 20 N pressing forces decrease with the samples’ 

Young’s moduli (Figure 2c), demonstrating the sensing of the softness by the FSS.  Since each 

resistance-force curve is correlated with the softness of the sample and the pressing force, both 

the softness and the pressing force can be deduced from the curve, suggesting bimodal sensing.  

However, in practical situations, a testing machine is not available, and the pressing condition 

(force and movement) would not be well controlled.  Thus, what we can obtain is the resistance-

time instead of the resistance-force relationship.   

To adapt to the practical situations, we translate two resistance-force curves from Figure 

2a into the resistance-time curves according to the pressing conditions of the testing machines 

(Figure 2d).  The softer sample leads to higher resistance compared with the harder sample, and 

the resistance drops slower at the initial stage, of which the trends agree with the resistance-

force curves.  We then extracted the corresponding feature variables from the resistance-time 

curve to differentiate the softness of the samples: Rmin and T0.  Rmin is the minimum resistance 

under pressing, and T0 is the time that the resistance drops at 85% of the resistance change.  

Therefore, for the same testing condition, T0 is larger for softer materials, and Rmin indicates the 

pressing force for the same sample.  To show that the FSS can differentiate the softness of 

samples even without the control of a machine, both the FSS and the corresponding pressure 

sensor were pressed by the six samples without the intentional control of a person (Figure S5d).  

Although the pressing conditions would not be well controlled when a person manually operates 

the tests, multiple tests with unintentional control would yield similar testing conditions due to 

habitual actions.  Each sample was pressed on either sensor around 20 times (Figure S12), and 

the features Rmin and T0 were extracted (Figure 2e, f).  For the FSS, the feature values clustered 

together according to the pressed samples, indicating softness identification of the FSS without 

intentional human control (Figure 2e).  Specifically, softer samples were easier to be identified.  

Compared with the FSS, the pressure sensor cannot differentiate the softness of the six samples 

(Figure 2f).  

 

2.3. Performance of the scalable tactile glove 
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Figure 3.  Structure and performance of the tactile glove.  a) Photos showing the scalable tactile 
glove consisting of 112 FSSs and a MASC flexible circuit board is worn on the forearm.  b) 
Photo showing the exposed coaxial circular electrodes, via holes, buried common electrode, 
and the counter electrode of the FSS for the tactile glove.  c) Resistance changes of the 
piezoresistive pressure sensor fabricated from different hot-press conditions (pressure and 
temperature) under the pressing force of 2 N as indicated in Figure S8.  Inset showing the 
interlocked structure between the piezoresistive (PR) film and the electrodes.  d) Dynamic 
mechanical-electrical response of the FSS under tilted force (0.5 N @ 50°) with 2000 cycles 
show strong mechanical robustness.  e) Tactile images show crosstalk-free tactile gloves when 
pressed by three models.  f) A non-homogeneous sample (a harder mirrored “N” letter 
embedded in the bottom of a softer disk sample) was pressed on the tactile glove, showing 
softness mapping of the tactile glove.  g) The tactile glove can withstand a person (~60 kg) 
climbing a pole for more than 5 times gripping action.  Tactile images (insets) and signal 
intensities of all sensors of the tactile glove at 1st (blank bars) and 5th (light green bars) gripping 
were shown.  Signal intensities larger than 1000 indicate non-touched or damaged sensors.  The 
increased relative frequency from 1st (8%) to 5th (31%) gripping suggests that 77% of all sensors 
still worked well after 5 times gripping, showing the mechanical robustness of the tactile glove.  
The color bars in (e, f, g) indicate resistances ranging from 5 kW (red) to 100 kW (dark green). 
 

To enable gloves with spatially tactile sensing of force and softness, the bimodal tactile 

platform was tailored into a hand shape and integrated into a textile glove, yielding a tactile 

glove.  To remain finger dexterity and the natural sense of touch in hand activities, a textile 



  

9 

glove made of polyamide (PA) and polyurethane (PU) fibers was chosen as the substrate, 

yielding a thin (~0.88 mm) and conformal tactile glove (Figure S13).  Figure 3a displays the 

scalable and conformal tactile glove with 112 FSSs and a light-weighted massive analog signal 

channel-based flexible printed circuit board (MASC-FPCB) worn on the arm for data collection. 

Figure 3b shows a pair of exposed coaxial circular electrodes and buried common and counter 

electrodes for each sensor.  The electrodes have a surface roughness of ~1 μm (Figure S14b, c) 

and a thickness of ~18 μm (Figure S14d).  The 18-μm-thick electrodes combined with coaxial 

circular design yielded mechanical robustness of the sensors: the interlocked structure was 

generated between the electrodes and the piezoresistive sheets as hot-press was applied (inset 

of Figure 3c and Figure S14e-f).  The effects of hot-press on both mechanical-electrical 

performance and mechanical robustness were studied (Figure 3c, d, and Figure S15).  As the 

softening temperature of the piezoresistive film is around 100 °C (Figure S14a), four 

temperatures ranging from 80 °C to 110 °C together with different pressure were applied in the 

hot-press.  Results show that lower temperature and lower pressure in the hot-pressing lead to 

higher sensitivity (Figure 3c).  Considering that higher temperature and higher pressure are 

more likely to generate the interlock structures and consequently enhance the robustness, trade-

off parameters of 90 ℃ at 1 MPa were chosen in hot-press.  The fabrication led to a good utility 

of pressure sensors with most initial resistances around 20 kΩ, which is much better than 

commonly used polydimethylsiloxane (PDMS) pyramid micro-structured pressure sensors,[33] 

as the coefficient of variation of the resistance of the former is almost one-third of the later 

(Figure S16).  Sealing the pressure sensors using a mechanically robust commercial silicone 

gel (Figure S17) lowered the initial resistances of the pressure sensors slightly (Figure S16a, b), 

indicating normal forces generated to the pressure sensors by the sealing material, more than 

just protecting the surface.  As a result, the FSSs are electrically and mechanically robust and 

can withstand both strong normal and shear forces.  To show this, dynamic pressing was applied 

on the protrusion of an FSS with a tilted force (0.5 N @ 50°, test setup shown in Figure S18) 

for 2000 cycles (Figure 3d).  The peak values decreased slightly in the previous dozens of cycles 

and maintained almost unchanged in the following cycles, showing reliable mechanical-

electrical performance under both normal and shear forces, which is essential for practical use.  

As a comparison, the same tests were applied to the well-sealed PDMS pyramid micro-

structured pressure sensors (Figure S19); however, the signals were unstable and changed 

largely after 500 cycles.  The softness of the supporting platform was also investigated and 

showed that a softer platform yields higher resistance of the FSS sensor than a harder platform 



  

10 

under the same pressing forces (Figure S20).  This indicates that the signals of the tactile glove 

would be weaker when worn on the hand while maintaining the softness distinction ability. 

The glove is crosstalk-free as shown by pressing three models of “N”, “T”, and “U” on it 

(Figure 3e and Movie S1, Supporting Information).  When a soft sample (E = 89 kPa) with 

harder materials (E = 1.0 MPa) patterned at the bottom was covered and pressed on the tactile 

glove with FSS arrays, softness mapping was obtained effortlessly (Figure 3f and Movie S2, 

Supporting Information), while the tactile image of a tactile glove with pressure sensor arrays 

didn’t show a clear softness distribution at the same pressing condition (Figure S21).   

Besides softness mapping, our tactile glove is robust enough to withstand frequently high-

force pressing to meet the practical requirement.  To show that the glove can withstand both 

large normal and shear forces, a person (~60 kg) wearing the glove climbed a pole with more 

than 5 times gripping action (Figure 3g and Movie S3, Supporting Information).  Signals of all 

sensors at 1st and 5th gripping were statistically shown (Figure 3g).  The increased relative 

frequency of signals larger than 1000 indicates that most sensors (77%) remained working after 

5 times gripping.  Together, the results demonstrate the mechanical robustness of the tactile 

glove that is adequate for practical usage.  

 

2.4. Body feature identification 

With the ability of softness identification and force sensing at each pixel, we expect the 

tactile glove to identify different body features of a real person (e.g. arm, shoulder, belly, chest 

(Figure 4a).  Moreover, we intend to check the possibility of the tactile glove in identifying 

inner body features, which is commonly performed by doctors in the clinic to assess health and 

disease with palpation skills.  To check the potential value for clinical usage, a medical 

abdominal simulator with four organ models (healthy and pathological liver and spleen) was 

prepared, and a palpation assessment on the simulator was conducted while wearing the tactile 

glove (Figures 4b and Movie S4, Supporting Information).  The patterns of the tactile signals 

were not differentiable either in different human body features or in different organ models of 

the simulator, while they showed slight differences between the real body features and the 

simulator (Figures 4c); specifically, fewer sensors responded in the palm for the simulator.  This 

is reasonable because we used the whole palm to press and hold the body parts of the real person, 

while we mostly used the fingers to press deeply and check the inner organs of the simulator. 

To explore the body feature identification ability of our tactile glove, a machine learning 

method was leveraged.  We applied 200 times pressing on each body part of the real person and 

250 times pressing on each organ location of the simulator.  We recorded 20–30 data during 
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each press for each sensor (Figure S22), yielding a total of 1800 files.  Two features related to 

pressing force and pressing duration were extracted for each sensor in each press (Figure S23), 

leading to 224 selected feature values for each press, considered as one group of fine data.  

Therefore, after pre-processing and feature extraction, a total of 1800 groups of fine data were 

presented (Figure 4d).  A support vector machine was trained with 80% of the above data and 

then was evaluated by the remained 20% of the data.  The identification accuracy of single 

sensors was higher (most 30%–40%) than the baseline of random probability (12.5%), with a 

few sensors reaching ~60%, showing the superiority of our FSSs (Figure 4e).  Relying on the 

unique features of the FSSs, the array with 112 sensors enabled the tactile glove with high 

accuracy of 98% to identify all the patterns (Figure 4f).  

 
Figure 4.  Body feature identification.  a, b) Photos showing that the tactile glove was used to 
identify body parts of a real person (a) and organ models inside an abdominal simulator (b).  c) 
Tactile signal patterns of four different body parts (arm, belly, chest, shoulder) of the real person 
(top) and four different organ models (healthy liver, pathological liver, healthy spleen, 
pathological spleen) of the abdominal simulator obtained by the tactile glove.  The color bar 
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indicates resistance ranging from 5 kW (red) to 100 kW (dark green).  d) Statistic of all 224 
feature intensities during one pressing on each item cannot differentiate from each other.  e) 
The accuracy of every single FSS of the tactile glove in identifying the eight items shows that 
most of them are much higher than the random probability of 12.5, with a few sensors reaching 
the accuracy of ~60%, showing the priority of the FSS.  f) Machine learning results show high 
accuracy (98%) of the tactile glove in identifying the eight items.  g) Comparison of the 
reliability (Kappa value) of body feature identification among conventional manual palpation, 
single FSSs, and the tactile glove.  Manual palpation typically has lower reliability (~0.4) on 
real patients when identifying the pain locations of neck pain and low back pain.[35,36]  The 
identification reliability of the single FSSs and the whole tactile glove on the four different body 
parts and the four artificial organ models achieves 0.2–0.3 and 0.98, respectively. 
 

The above results show the effectiveness of the tactile glove in identifying human body 

features and the potential application for digitalized palpation assessment.  This would be 

significant for the clinic because conventional palpation is subjective, experience-based, and 

thus may be unreliable; for example, for pain location assessment in patients with low back 

pain, the palpation reliability varies greatly in different tissues: the Kappa values (an indicator 

of reliability)[34] varies from 0.34 to 0.80 for soft tissues and 0.14 to 0.73 for joint and bony 

structures.[35]  Considering that the identification reliability (Kappa value) of conventional 

manual palpation on real patients is mostly around 0.4,[35, 36] the Kappa values of our single FSS 

and tactile glove on identifying the real body features and the simulator were calculated and the 

tactile glove achieved reliability of 0.98 (Figure 4f and Figure S24), indicating the potential 

applicability in future healthcare.   

 

3. Conclusions 

We presented freestanding and scalable bimodal tactile platforms with FSS arrays, of 

which the shapes and sizes are customizable according to target subjects, allowing for force and 

softness sensing in large areas.  Relying on this, a thin, conformal, and stretchable tactile glove 

with 112 FSSs was fabricated, enabling spatial tactile information of force and softness to be 

digitalized while allowing hand skills to be freely performed.  Based on machine learning 

analysis, the tactile glove identifies body features in a real person and healthy/pathological 

organ models inside a medical abdominal simulator with high accuracy (98%), indicating the 

potential value for realizing data-based objective palpation, which would promote the 

revolution of conventional experience-based and subjective palpation.  Due to the freestanding 

and customizable, our tactile platform is adaptable to various medical devices for digitalized 

healthy monitoring and haptic interfaces for advanced humanoid robots.  

 

4. Experimental Section/Methods  
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Performance characterization of tactile sensors and sample fabrication 

The resistance of pressure sensors is measured by a 2450 Source Meter (Keithley), and the 

pressing forces between samples and pressure sensors are controlled by an electromechanical 

test system (Criterion 42, MTS).  The thermal property of the piezoresistive film was measured 

by a differential scanning calorimeter (Q10, TA Instruments).  The profile of the hot-pressed 

piezoresistive film and the coaxial circular electrodes were measured by a surface profiler 

(Alpha-Step D-500 Stylus Profiler, KLA).  The surface of the copper electrode is characterized 

by a 3D surface metrology microscope (DCM8, Leica).   

PDMS samples for softness identification experiments were fabricated with the different 

base-to-curing agent ratios, followed by curing in an oven (Binder) at 60 °C for 5 h.  Ecoflex 

00-10, 00-30, and 00-50 (Smooth-On) samples were fabricated by mixing equal volumes of 

Part A and Part B, followed by curing at room temperature.  The fabrication yields standard 

samples with a series of Young’s modulus (37 kPa, 60 kPa, 89 kPa, 189 kPa, 326 kPa, 1046 

kPa), which is measured under standard tensile tests by the MTS.   

The fabrication of the FSS on PET substrate began with adhering the PET substrate to a 

transparent poly(methyl methacrylate) (PMMA) board, followed by covering a piece of black 

commercial piezoresistive films (Velostat, 3M) on the circular interdigital Cr/Au electrodes.  

This hinders the observation of the interdigital electrode beneath the piezoresistive film from 

the front view.  To ensure the exact location of a pair of electrodes, a pair of perpendicular lines 

were drawn from the back of the PMMA board, and the intersection point marks the location.  

Then another pair of perpendicular lines were drawn from the front view of the PMMA board 

by following the lines of the backside.  Thus the intersection point locates the center of the 

interdigital electrodes beneath the piezoresistive film.  A protrusion made of elastic silicone 

glue (Sil-Poxy, Smooth-On) was fabricated from a 3D-printed mold (Veroblue, Stratasys) using 

a commercial 3D printer (Eden260V, Stratasys) (Figure S13c) and adhered to the piezoresistive 

film above the intersection point. 

All protrusions with different softness and different morphologies were fabricated using 

corresponding materials (PDMS, Ecoflex, and Sil-Poxy) and cured in the corresponding 3D-

printed molds.  The 3D-printed molds were sprayed with a release agent before the uncured 

materials filled the molds. 

The fabrication of PDMS pyramid pressure sensors began with pouring uncured PDMS 

(10:1) on a reversed pyramid microstructured silicon mold, followed by peeling off after curing 

(60 °C for 12 h).  The PDMS micro-structured film was treated with oxygen plasmon (350 W, 

2 min) and followed by placing it on a hot plate of 120°.  The CNT water solution (P3-SWNT, 
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Carbon Solution) of 0.1 mg/mL was then spray-coated on the PDMS film.  The CNT/PDMS 

film was then placed on a PET film with a pair of interdigital electrodes (Cr (3 nm)/Au (100 

nm)), forming the pressure sensor. 

The fabrication process of the tactile glove  

Fabrication of the hand-shaped FPC.  Fabrication of the stretchable circuit begins with 

patterning a thin and flexible film (Hubei Heng Chi Electronic Technology Co., Ltd) of 

copper/PI/copper (18 μm/13 μm/18 μm) into hand-shaped FPC with 113 buried electrodes (1 

common electrode and 112 counter electrodes) and 112 pairs of exposed coaxial circular 

electrodes according to standard industrial process.  

Adhering pressure sensors on the hand-shaped FPC.  The hand-shaped FPC was first 

cleaned by ultrasonic in DI water, ethanol, acetone, and oxygen plasma treatment in sequence, 

followed by immersing in 2-mercaptoethanol (Sigma-Aldrich)/ethanol solution (20 μL/1 L) for 

12 h to decorate the gold surface.  The piezoresistive film (Velostat, 3M) was punctured into 

disc-shaped (2 mm in diameter) before being treated with oxygen plasma.  The disc-shaped 

piezoresistive films were then adhered to the exposed coaxial circular gold electrodes by hot-

press (1 MPa, 90 ℃, 10 s).  The pressure sensors were further sealed on the hand-shaped FPC 

by the elastic silicone glue (Sil-Poxy, Smooth-On), as shown in Figure S13a. 

Fabrication of tactile gloves.  A highly stretchable commercial textile glove that is 

fabricated with polyamide and polyurethane fibers is worn on a hand model (PMMA) cut by a 

laser machine (VLS360DT, Universal), and then sealed by a layer of Ecoflex 00-10 (Smooth-

On) on the front side.  The hand-shaped FPC is then adhered to the textile glove using the Sil-

Poxy, followed by adhering hemispherical protrusions on the pressure sensors.  All protrusions 

were made of Sil-Poxy using a 3D-printed mold, which was printed by Eden260V (Stratasys) 

using commercial UV-curable materials (VeroBlue, Stratasys). 

Data collection and tactile imaging. 

Design of the massive analog signal channels-based flexible printed circuit board (MASC-

FPCB).  The MASC-FPCB is designed as a flexible wearable board.  The circuit includes a 

power management module for generating a stable reference voltage Vref and supplying power 

to the microprocessor unit (MCU) and its auxiliary universal asynchronous receiver transmitter 

(UART) to the universal serial bus (USB) module (Figure S25a).   

To avoid crosstalk and proximity effects, a corresponding sampling circuit is designed for 

each sensor.  The passive matrix and coaxial circular electrodes design of the sensor array 

makes the fabrication simple, and the design is adaptable to multiple platforms.  Any damage 

to a single sensor does not influence other sensors, eliminating possible parasitic effects.  
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Moreover, each sampling circuit channel can be optimized individually, and no amplifier 

components are needed. 

The charging resistor arrays Rc1 to Rcn are required, and the corresponding Rc is designed 

according to the resistance range of the corresponding sensor, which ensures the optimal 

working status of the sampling circuit in each channel and reduces noise.  The MASC-FPCB is 

shown in Figure S25b, with two 60-pin FPC connectors connecting with the sensor array of the 

tactile glove via the hand-shaped FPC.     

Data readout and imaging.  All sensors are divided into 16 different groups, and each 

group is connected with a 7-channel sampling circuit (Figure S25a).  Each channel can be 

selected by controlling the analog switch via the MCU.  One channel of each group is selected 

at a time to collect sensor values.  The single-chip MCU controls 16 analog switches at the 

same time.  In this way, the resistance of 16 sensors can be collected at the same time as 

sampling, and 112 sensors can be collected under 7 cycles of scanning.  Thus, the scan period 

for the sensor array can be greatly reduced.  The 16 sensor measurements at the output of the 

16 analog switches are converted to a digital signal (10-bit resolution; 0–1,023 corresponding 

to 0–5 V).  The collected data are then transmitted to the host computer through the serial 

communication protocol for further processing and imaging (Figure S25c).   

On-body tests 

The tests on the human body done at Nanyang Technological University were approved 

by the Institute of Review Board, Nanyang Technological University, and following informed 

written consent (approval number: IRB-2017-08-035). 

Tests with the abdominal simulator 

A commercial abdominal simulator for examination in medical education (AbdoAbby, 

Kyoto Kagaku) is used for the validation of intelligent palpation.  Figure S26 shows the 

abdominal simulator and corresponding organ models for testing.  Pathological liver (pre-

cirrhosis) and spleen models are slightly larger than healthy models, leading to harder feeling 

compared with healthy organ models when pressing on the corresponding locations of the 

simulator.  

Machine learning 

A support vector machine is adopted to learn the classifier to predict the class labels based 

on the measured data. The dataset includes 8 types with a total of 1800 samples, which was 

split into train set (1440 samples) and test set (360 samples) for learning the model parameters 

and evaluating the prediction accuracy, separately. Classification accuracy was used as the 

metric to evaluate the model performance during training and prediction. For each 
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training/prediction process, each input sample has 224 features, which include intensity and 

time signals extracted from the measured data of 112 sensors of the tactile glove system. The 

intensity feature is the maximum change of the measured resistance during a pressing process, 

while the time feature is the duration of the intensity signal that is above 85% of the intensity 

feature (Figure S23). 
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Freestanding and scalable tactile platforms with force-softness bimodal sensor arrays are 

developed, enabling a tactile glove to digitalize pressing force and softness in large areas of the 

human body.  Combining with machine learning methods, the tactile glove identifies body 

features in a real person and a medical abdominal simulator with high accuracy (98%). 
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