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Abstract 

 

Tactile, the perception of human touch, is a complex and multifaceted sensory experience 

crucial for daily interactions and communication. Researchers have been developing tactile 

sensing technology that imitates human skin, aiming to precisely measure and analyze 

physical properties like size, shape, texture, and hardness. Replicating this intricate sensory 

process in artificial systems and extending biological tactile senses holds significant 

potential, particularly in quantitative object sensing. Artificial tactile systems are especially 

useful in fields like robotics and healthcare, where precise data about textures and object 

characteristics can significantly impact performance and diagnosis. Quantitative object 

sensing enhances machines' capability to perform delicate and precise tasks, improves the 

accuracy of medical assessments, and enriches the realism of virtual environments. 

Advancements in this technology are essential for the future of robotics, medical 

diagnostics, and virtual reality. This thesis underscores the importance of bridging the gap 

between human tactile perception and artificial sensing technologies to drive innovation 

and improve various applications. New approaches are explored here to enhance how we 

sense and interpret textures and objects using advanced technology. 

 

The research focuses on two main innovations: The first hypothesis is dynamic force 

sensing for in-situ measurement of micro-scale surface profile: These sensors can detect 

textures by measuring vibrations. This technology allows for a more detailed and accurate 

analysis of different surfaces. The second hypothesis is a tactile system for in-situ 

quantifying object features. In which, gloves are equipped with a dense array of pressure 

sensors can measure object characteristics, such as size and softness, with high precision. 

This system haw significant potential for quantitative medical diagnostics, offering a non-

invasive way to detect abnormalities. The research also includes the development of a 

piezoelectric tactile sensor, which provides detailed 3D reconstruction of micro-scale 

textures without the need for controlled scanning speeds. Additionally, simulations of the 

piezoelectric tactile sensor’s mechanisms were conducted to better understand how it 

works and to validate its effectiveness. Overall, this thesis presents significant 
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advancements in touch-based technology, paving the way for improved object recognition 

and medical diagnostics.
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Lay Summary 

 

This thesis explores innovative advancements in tactile sensing technology aimed at 

enhancing the precision and versatility of texture and object recognition through touch-

based feedback systems. The research introduces two key technological innovations: 

 

Piezoelectric tactile Sensors: These sensors are developed to characterize textures by 

detecting vibrations induced by varying surface properties. Unlike conventional methods 

that depend on steady speeds, these piezoelectric sensors function effectively across a range 

of speeds, making them adaptable to real-world conditions. The sensors' ability to capture 

variations in vibration frequency and amplitude enables detailed and accurate surface 

analysis, providing a more nuanced understanding of different textures. 

 

Pressure-Sensing Gloves: The research includes the design and fabrication of gloves 

embedded with a dense array of 142 pressure sensors. These gloves are capable of precise 

measurements of object characteristics such as size, shape, and softness. The high sensor 

density improves the system's accuracy, which is particularly beneficial for medical 

diagnostics. This non-invasive approach allows for the detailed assessment of tissue 

properties and the detection of abnormalities, offering a significant advancement in 

healthcare technology. 

 

A notable contribution of this research is the development of the piezoelectric tactile sensor. 

The sensor provides detailed three-dimensional imaging of surface textures without the 

need for controlled scanning speeds. This technology enables high-resolution texture 

analysis, making it suitable for applications in fields such as robotics and material science. 

The research also includes simulations of the piezoelectric sensor’s mechanisms to validate 

its effectiveness and to provide a deeper understanding of its operational principles. 

 

Overall, this thesis presents significant advancements in tactile sensing technologies, 

offering new solutions for accurate object recognition and enhanced medical diagnostics. 
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The innovative approaches and findings contribute to the development of more effective 

tools for real-time, non-invasive assessments of textures and object properties. 
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Figure Captions  

 

Figure 2.1 Structure of human skins. Reproduced with permission from ref.[1]. 

Copyright 2017 American Chemical Society. 

 

Figure 2.2 Four types of mechanoreceptors, including SA-I and SA-II, slow adapting 

receptors; FA-II and FA-II, fast adapting receptors. Reproduced with permission from 

ref.[2]. Copyright 2016 Springer Nature. 

 

Figure 2.3 Different sensing mechanisms of tactile force sensors, including 

piezoresistive, capacitive, piezoelectric/triboelectric, light and magnet. Reproduced with 

permission from ref.[3]. Copyright 2009 Wiley. Reproduced with permission from ref.[4]. 

Copyright 2014 Wiley. Reproduced with permission from ref.[5]. Copyright 2014 Springer 

Nature. Reproduced with permission from ref[6]. Copyright 2020 Springer Nature. 

Reproduced with permission from ref.[7]. Copyright 2016 Wiley. Reproduced with 

permission from ref.[8]. Copyright 2020 American Chemical Society. Reproduced with 

permission from ref.[9]. Copyright 2021 Wiley. Reproduced with permission from ref.[10]. 

Copyright 2012 American Chemical Society. Reproduced with permission from ref.[11]. 

Copyright 2014 American Chemical Society. Reproduced with permission from ref.[12]. 

Copyright 2014 Wiley. Reproduced with permission from ref.[13]. Copyright 2014 Wiley. 

Reproduced with permission from ref[14]. Copyright 2015 Springer Nature. Reproduced 

with permission from ref[15]. Copyright 2016 American Association for the Advancement 

of Science. Reproduced with permission from ref[16]. Copyright 2024 MDPI, Basel, 

Switzerland. 

 

Figure 2.4 Tactile sensing systems for object recognition and tactile sensing systems. 

(a) Soft prosthetic hand using optical waveguides. Reproduced with permission from ref. 

[15]. Copyright 2016 American Association for the Advancement of Science (b) Iontronic 

skins for object classification. Reproduced with permission from ref.[17]. Copyright 2020 

American Association for the Advancement of Science. (c) Triboelectric-piezoresistive 
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based robotic hands. Reproduced with permission from ref.[18]. Copyright 2024 American 

Chemical Society. (d) Bimodal sensing array for robust object recognition. Reproduced 

with permission from ref.[19]. Copyright 2022 Springer Nature. (e)Piezoelectric skin tele-

tactile system for texture classification. Reproduced with permission from ref.[20]. 

Copyright 2022 Springer Nature. (f) Ionic skin for fingertip-like tactile sensation. 

Reproduced with permission from ref.[21]. Copyright 2011 Wiley. (g) Bimodal-sensitive 

tactile systems. Reproduced with permission from ref.[22]. Copyright 2023 American 

Chemical Society. (h) CNN-based tactile sensor system for roughness recognition. 

Reproduced with permission from ref.[23]. Copyright 2019 Elsevier. 

 

Figure 2.5 Venn diagram of machine learning algorithms learning concepts and classes. 

 

Figure 2.6 AI for artificial tactile sensing systems. (a) CNN + Sparse NN for gesture 

recognition. Reproduced with permission from ref.[24]. Copyright 2020 Springer Nature. (b) 

kNN for expression recognition. Reproduced with permission from ref.[25]. Copyright 2020 

Springer Nature. (c) SVM for sign language recognition. Reproduced with permission from 

ref.[26]. Copyright 2020 Springer Nature. (d) Decision trees for texture recognition. 

Reproduced with permission from ref.[27]. Copyright 2023 Wiley. (e) Adaboost for blood 

pressure monitoring. Reproduced with permission from ref.[28]. Copyright 2022 Springer 

Nature. (f) Multilayer perception for object detection. Reproduced with permission from 

ref.[29]. Copyright 2020 American Association for the Advancement of Science 

 

Figure 2.7 (a) Schematic diagrams of the ductal anatomy of the breast. Structure of 

human breasts[30]. 1. Chest wall. 2. Pectoral muscles. 3. Lobules. 4. Nipple surface. 5. 

Areola. 6. Lactiferous duct. 7. Fatty tissue. 8. Skin. (b) Schematic diagrams of breast 

nodules, including cyst, fibroadenoma, and tumor. (c) Schematic figures for palpation on 

human breast.  

 

Figure 2.8 Tactile sensing gloves. (a) A scalable tactile glove human grasp 

classification. Reproduced with permission from ref. [31]. Copyright 2019 Springer Nature. 

(b) Bimodal sensing data for tactile body-feature identification. Reproduced with 



  Figure Captions 

 

 

xv 

 

permission from ref. [32]. Copyright 2022 Wiley. (c) Tactile glove enabling dynamic object 

classification. Reproduced with permission from ref. [33]. Copyright 2024 American 

Association for the Advancement of Science (d) Tactile gloves for Health and Tactile 

Touch Monitoring. Reproduced with permission from ref.[34]. Copyright 2017 Wiley. (e) 

Smart textile gloves for object interaction. Reproduced with permission from ref.[35]. 

Copyright 2024 Springer Nature. (f) Stretchable sensor arrays on hands for sign-to-speech. 

Reproduced with permission from ref.[26]. Copyright 2020 Springer Nature. (g) A portable 

rehabilitation gloves. Reproduced with permission from ref.[36]. Copyright 2023 Springer 

Nature. (h) Smart gloves both sensing and feedback for VR/AR. Reproduced with 

permission from ref.[37]. Copyright 2020 American Association for the Advancement of 

Science. 

 

Figure 3.1 Common construction of tactile sensors. Substates. (a) Ultra-slim glass 

substrates. Reproduced with permission from ref.[38]. Copyright 2012 John Wiley and Sons. 

(b) PET/PI substrates. Reproduced with permission from ref.[39]. Copyright 2020 Elsevier. 

(c) PDMS substrates. Electrodes. Reproduced with permission from ref.[40]. Copyright 

2021 American Association for the Advancement of Science (d)Ag nanowires. 

Reproduced with permission from ref.[41]. Copyright 2020 American Association for the 

Advancement of Science (e) MWCNTs. Reproduced with permission from ref.[42]. 

Copyright 2018 Wiley. (f) Hydrogel. Functional materials. Reproduced with permission 

from ref.[43]. Copyright 2022 Elsevier. (g) Piezoresistive layer. Reproduced with 

permission from ref.[6]. Copyright 2020 Springer Nature. (h) capacitive layer. Reproduced 

with permission from ref.[44]. Copyright 2019 Springer Nature. (i) 

Piezoelectric/triboelectric layer. Reproduced with permission from ref.[45]. Copyright 2022 

Springer Nature. 

 

Figure 3.2 Simulation results of cantilever beam using COMSOL Multiphysics 

simulation. (a) Finite element model of piezoelectric cantilever beam. Reproduced with 

permission from ref.[46]. Copyright 2024 Elsevier. (b) The eigenfrequency of the 1st, 2nd, 

and 3rd-order resonance mode with COMSOL Multiphysics simulation. Reproduced with 

permission from ref.[47]. Copyright 2021 Wiley. 
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Figure 3.3 Schematic diagrams of matrix with parasitic path. (a) Crossover circuits, and 

(b) equivalent circuits. The blue path is the intended path, and the orange path is the 

parasitic path. 

 

Figure 3.4 Schematic diagrams of reading circuit designs for countering parasitic 

resistance. (a) Circuit A with feedback design. Buffers and a switch are used to apply the 

output voltage to the rows and columns, respectively, to counteract crosstalk and the effects 

of row-row and column-column couplings (Rrr and Rcc). (b) Circuit B with feedback 

design. Each row is powered by a constant voltage source through independent buffers. (c) 

Circuit C with grounding design. This circuit is similar to Circuit A, but it counteracts 

crosstalk by inserting buffers on both the rows and columns. Reproduced with permission 

from ref.[48]. Copyright 1999 Elsevier. 

 

Figure 3.5 A schematic diagram of 2D classification by SVM. Finding a line can 

completely separate all input points. 

 

Figure 4.1 Fabrication processes of a single piezoelectric vibration sensor. 

 

Figure 4.2 Principal support for vibration-induced quantitative texture sensing. (a) a 

schematic cantilever beams for force sensing. (b) Simulation results of vibration and 

generated voltage results. 

 

Figure 4.3 Configuration of the piezoelectric tactile sensor. (a) A schematic structure 

of piezoelectric tactile sensor. (b) Picture of top view of a single piezoelectric vibration 

sensor. The scale bar is 4 mm (c) Picture of side view of the piezoelectric tactile sensor. 

The scale bar is 4 mm (d) The second schematic structure of piezoelectric tactile sensor 

showing the parallel distribution of vibration sensors. (e) Picture of side of a 3D printed 

structural materials integrated with vibration sensors. 

 

Figure 4.4 Grating textures based on photolithography. (a) Schematic side view image 
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of grating-textures. t is thickness of the textures. d1 is the width of the textures. d2 is the 

distance of the textures. (b) Picture of side view of grating-textures on a silicon wafer. 

Optical images of different grating textures with different width and distance. (c) d1 = 50 

μm. d2 = 400 μm. (d) d1 = 100 μm. d2 = 400 μm. (e) d1 = 200 μm. d2 = 400 μm. (f) d1 = 600 

μm. d2 = 400 μm. The scale bar is 200 μm. 

 

Figure 4.5 Response of the piezoelectric vibration sensor on piezoelectric tactile sensor. 

(a) Mechanism of dynamic force sensing. (b) Piezoelectric voltage signals while gliding 

over a grating-texture (d1 = 600 μm. d2 = 400 μm) under speed of 25 mm/s. (c) Zoom-in 

figure of voltage signals. (d) Picture of a 3-axis moving platform. 

 

Figure 4.6 Thickness and 2D scanning of surface profiler (Alpha-Step D600). The 2D 

information of grating-structures on silicon wafers (d1 = 200 μm. d2 = 400 μm) under speed 

of 0.2 mm/s.  

 

Figure 4.7  Mechanism of quantitative texture sensing on the dimension of width and 

distance. The inserted optical image shows the parameters of the tested grating-textures 

(d1 = 200 μm and d2 = 400 μm). The scale bar is 200 μm. 

 

Figure 4.8 Quantitative texture sensing test on unknown grating parameters. (a) 

Piezoelectric voltage signals while gliding over an unknown grating-texture. (b) Optical 

image of the unknown grating-texture showing the actual width and distance. 

 

Figure 4.9 Piezoelectric voltage signals while gliding over a grating-texture (d1 = 100 

μm. d2 = 300 μm) under different speed: (a) 5 mm/s. (b) 20 mm/s. (c) 30 mm/s. 

 

Figure 4.10 Cyclic scanning test of our device on a micro-step showed good durability. 

 

Figure 4.11   Mechanism explanation of the time-independent peak F. (a) Equivalent 

circuit of a single piezoelectric vibration sensor. (b) Schematic change of slow deformation 

which generate the peak C. (c) Schematic change of transient deformation which generate 
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the peak F. 

 

Figure 4.12 Simulation results of piezoelectric vibration sensor. (a) Configuration of 

grating-texture testing using MATLAB (b) piezoelectric voltage generated by a single 

piezoelectric vibration sensor. 

 

Figure 4.13  Linear relationship between the amplitude of peak F and thickness of 

gratings. (a) The testing results of peak F changes with thickness of grating. (b) The 

simulation results of peak F changes with thickness of grating. 

 

Figure 4.14   Theoretical analysis of the piezoelectric tactile sensor for quantifying 

height, width of surface features. Height measurement and feature analysis in piezoelectric 

signal when the first sensing tip (blue) scans across a step-like microstructure.  Insets 

illustrate different states during measurement: state i, the tip fully positioned on the step 

surface; state ii: the tip is at the point of departing from the step edge; state iii, the tip just 

returns to the base level.  b) Width measurement methodology based on three critical 

parameters: the spacing between two tips (Δd), time delay in the twin signals (Δt1), and 

time interval between two states (Δt2; states iv and v in (a)).  Insets illustrate the states of 

the second sensing tip (red): it fully positioned on the step surface (state iv), and it is 

departing from the step edge (v). 

 

Figure 4.15 Portable piezoelectric tactile sensor and its piezoelectric voltages when 

operating. (a) Schematic picture of side view of the tested grating structures. (b) Picture of 

operation of portable piezoelectric tactile sensor. (c) Piezoelectric voltages of portable 

piezoelectric tactile sensor with two vibration sensors. 

 

Figure 4.16   The influence of film spacing (Δd) on device performance: a) 0.88 mm, b) 

1.94 mm, and c) 2.66 mm.  Where Δt is the time delay between two signals. 

 

Figure 4.17 Piezoelectric tactile sensor for micro-scale patterns imaging. (a) Schematic 

picture of a Chinese knot patterns. Three different gliding direction are shown. (b) Optical 
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image of the Chinese know pattern. The scale bar is 500 μm. (c) Piezoelectric voltage of 

the piezoelectric tactile sensor gliding test with direction A, B, and C. The calculated 

thickness changes with time. 

 

Figure 4.18 Micro-scale pattern 3D-reconstruction using piezoelectric tactile sensor. (a) 

3D heatmap of 3D-reconstruction results. (b) 2D heatmap of 3D-reconstuction results. 

 

Figure 4.19 Frequency-domain signals of surface scans for six 3D-printed workpieces, 

obtained via Fourier transform of time-domain voltage signals, each figure containing 80 

signals. 

 

Figure 4.20 Machine learning-based roughness classification training: a) Time-domain 

piezoelectric signals for different textures. b) Frequency-domain signals obtained through 

Fourier transform, revealing distinct differences in the number of peaks, peak coordinates, 

and peak amplitudes. c) Feature extraction where the number of peaks, peak coordinates, 

and peak amplitudes are used as features for LDA analysis of texture signals, showing 

excellent peak classification with well-separated points. d) Classification using SVM with 

the extracted features, achieving 100% classification accuracy. The test set consists of 40 

samples, and the training set consists of 480 samples. 

 

Figure 4.21 Theoretical analysis and modeling of piezoelectric vibration sensor for 

quantifying height, width, and edge profiles of surface features. a) Schematic showing the 

piezoelectric twin-film architecture (two tips) with interlayer distance (d) as it scans a 

surface microstructure.  b) Schematic showing piezoelectric twin signals with a time 

delay (t1), generated by the operation in (d) (top).  Key features in the twin signals—

such as peaks, valleys and time delay (t1)—are systematically analyzed to extract 

microstructural characteristics including height (h), width (w) and edge profile.  The 

surface profile is subsequently reconstructed (bottom). c) Schematic representation of the 

edge profile reconstruction.  The slope angle  at each point of the edge profile can be 

calculated based on the piezoelectric signal V(t).  The x-coordinate (w) can be calculated 
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from the t, and the y-coordinate (h) can be calculated by: wtan.  d) The relationship 

between simulated slope  and calculated  showing a mean average percentage error of 

only 0.61%. 

 

Figure 4.22 Three-dimensional rational function fitting illustrating the relationship 

between microstructure angle cotβ, maximum voltage derivative, and initial voltage V(0) 

through comprehensive parametric mathematical modeling, establishing a predictive 

framework for microstructure geometry characterization. 

 

Figure 4.23 Parametric mathematical modeling for trapezoidal edge angle prediction.  (a) 

Correlation between actual and predicted 𝑐𝑜𝑡𝛽 values, showing strong linear relationship 

with 𝑅² >  0.99 across the full range of tested angles.  (b) Distribution of 𝑐𝑜𝑡𝛽 

prediction errors, demonstrating a narrow Gaussian distribution centered near zero with 

standard deviation < 0.02.  (c) Direct comparison between actual and predicted angle 𝛽 

values in degrees, illustrating excellent agreement between measured geometric parameters 

and model predictions.  (d) Histogram of angle 𝛽 prediction errors showing consistent 

accuracy below 1% error threshold, with most predictions falling within ±0.5%, validating 

the reliability of our parametric mathematical model for non-invasive microstructure 

characterization in flexible electronic systems. 

 

Figure 4.24 Edge profile reconstruction in three distinctive edge configurations (convex, 

linear, and concave edges) exhibited minimal measurement errors, with MAPE values 

being 2.14%, 2.50% and 1.92%, respectively.  Dashed red curves: reconstructed profiles; 

dark line: actual edge profiles. 

 

Figure 5.1 Preparation steps of pressure sensors 

 

Figure 5.2 Preparation steps of tactile sensing array. 

 

Figure 5.3 Images of single electrodes and electrodes array. (a) Optical microscope 

image of a single interdigital circle-like electrodes. Scale bar is referred to 200μm. (b) 
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Image of a double-layer FPC with electrodes containing 100-channels. (c) Image of a hand-

like double-layer FPC with electrodes containing 142 channels. 

 

Figure 5.4 FTIR-ATR spectrum of Velostat film samples. (a) ν(C−H) region. (b) Low-

frequency region. 

 

Figure 5.5 XPS spectrum of element analysis of the modified piezoelectric film and 

gold electrode on FPC. (a) Si 2p spectra of Velostat piezoelectric film. (b) Si 2p spectra of 

gold electrode on customized FPC. (c) S 2p spectra of Velostat piezoelectric film. (d) S 2p 

spectra of gold electrode on customized FPC. 

 

Figure 5.6 Thermal property of the piezoresistive film by DSC 

 

Figure 5.7  Consistency comparison between stability-enhanced pressure sensors and 

sensors from first version of tactile arrays. Coefficient of variation (ratio of standard 

deviation/mean) of the statistical initial resistance values of (a) First version (112 sensors). 

(b) New version (100 pressure sensors). 

 

Figure 5.8 Bending test of a single pressure sensor. The sensor is bended from 0 to -30° 

and then from 0 to +30°. The synchronous resistance change is shown. 

 

Figure 5.9 stability test of glove bending test. The signals changes within 4 seconds 

under 4 different postures are presented (containing ‘five’, which is a natural posture, ‘four’, 

‘three’, and ‘two’). 

 

Figure 5.10 Shear strength test. (a) Setups for mechanical testing of adhesion 

performance. (b) Five testing samples. 1. PU + PI + WPU adhered under 120°C using hot-

press (0.1 MPa); 2. PU + PU + WPU adhered under 80°C; 3. PU + PI + WPU adhered 

under 80°C; 4. PU + PU adhered under 80°C. 5. PU + PI + WPU adhered under room 

temperature. (c) The moment of stretch failure under MTS testing. 
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Figure 5.11 Mechanical testing of adhesion performance. (a) Stretching force changes 

with the displacement of three samples, including 1. PU + PI + WPU adhered under 120°C 

using hot-press (0.1 MPa). 2. PU + PU + WPU adhered under 80°C. 4. PU + PU adhered 

under 80°C. (b) Sheer strength comparison of the samples. 

 

Figure 5.12 Cyclic mechanical test of the stability-enhanced pressure sensor. (a) Picture 

of a laboratory-made pressure testing platform. (b) Four cycles of pressure testing.  All 

cycles are processed under moving speed of 35 μm/s, (c) Resistance change with pressure. 

(d) 100 cycles of contrast pressure sensors without surface modification. (e) 300 cycles of 

contrast pressure sensors with surface modification. (f) The response times of stability-

enhanced pressure sensor. 

 

Figure 5.13  Data acquisition designs of hand-like tactile gloves. (a) The schematic 

crosstalk effect in traditional arrays of piezoresistive sensors. (b) Circuit based on 

grounding design for sensor arrays data acquisition against crosstalk. (c) The Bluetooth 

data acquisition circuit design of hand-like tactile gloves contains time-division 

multiplexers with 10 Hz data reading rate for 142 channels. 

 

Figure 5.14 PCB & Flexible PCB for data acquisition systems. (a) Hardboard PCB with 

Bluetooth transmission USB interface. (b) Flexible PCB connected with 3000 mA·h 

Lithium battery. 

 

Figure 5.15  The stability-enhanced tactile gloves and the array signals User-Interface 

(UI). (a) Picture of the tactile glove. (b) The distribution of sensors on the palm and the 

corresponding serial port channel numbers. (c) Data-visualized UI of the tactile glove. 

 

Figure 5.16 Force distribution analysis of tactile gloves. (a) Initial state of force detection 

UI. (b) New state when ‘N’ word-shape acrylic sheet placing on tactile glove. (c) New state 

when ‘T’ word-shape acrylic sheet placing on tactile glove. (d) New state when ‘U’ word-

shape acrylic sheet placing on tactile glove 
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Figure 5.17 Structure and feature extraction for machine learning (a) A photo showing 

the tactile glove consisting of 142 pressure sensing channels and the customized flexible 

PCB are worn on the forearm. (b) Feature extraction of the 142 channels. 

 

Figure 5.18 Medical breast model and distribution of the simulated nodules. (a) Healthy 

breast model. (b) Abnormal breast model. (c) Distribution of three different simulated 

nodules of the abnormal breast model, including tumor, fibrocystic change, and plugged 

duct.  

 

Figure 5.19 Classification task involving 12 different object types and feature extraction 

results. 

 

Figure 5.20 Number of activated sensors on tactile glove systems changing with ball size 

(Diameter of small foam ball: 7 cm; medium foam ball: 9 cm; big foam ball: 12 cm) 

 

Figure 5.21 Feature correlations and classification accuracy using SVM (a) Two features 

correlation. (b) Several feature correlations. (c) PCA of the 12-types classification task. (d) 

Machine learning test result. 

 

Figure 5.22 The effect of sensor density on classification accuracy (a) Three-class 

accuracy curve. (b) Full-class accuracy curve. 

 

Figure 6.1 Schematic diagram of real-time in-situ workpiece topography 

characterization. 

 

Figure 6.2 (a) Wearable breast modal with abnormal modals inside. (b) Robotic arms 

for integration of 142-channels tactile gloves. (c) Schematic diagram of tactile glove doctor. 

 

Figure 6.3 ChatGPT as a trigger for guidance of interactive diagnostics 
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Chapter 1 

 

Introduction 

 

This thesis investigates advanced tactile sensing systems for object 

recognition and texture characterization. It tests two hypotheses: the use 

of piezoelectric vibration sensors for quantitative texture analysis under 

variable conditions, and tactile sensing gloves for quantitative object 

sensing and medical diagnostics. The research includes the development 

of piezoelectric sensors, integration of a 142-channel pressure sensing 

array into tactile gloves, and the creation of a piezoelectric tactile sensor 

for detailed texture analysis. Findings demonstrate the effectiveness of 

these technologies in providing accurate, real-time data for both object 

recognition and medical applications, offering new insights and 

advancements in tactile sensing. 
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1.1 Hypothesis/Problem Statement 

 

Tactile sensing systems play a critical role in object recognition and texture sensing by 

providing information that can be analyzed to understand surface properties and object 

characteristics[1]. Traditional methods for texture and object sensing often rely on visual or 

manual inspection, which may lack precision or be limited by environmental conditions. 

Tactile sensing systems, however, offer a more detailed and accurate means of assessing 

textures and objects by capturing tactile interactions[2-4]. In particular, in-situ object 

recognition is increasingly important for applications requiring real-time feedback, such as 

robotic manipulation and medical diagnostics. This need for immediate and precise data 

drives the development of advanced tactile sensing technologies that can function 

effectively in dynamic and variable environments. 

 

The hypothesis in this thesis is to realize in-situ object recognition with softness, size and 

texture. The first hypothesis is that piezoelectric tactile sensors can accurately quantify 

textures by sensing dynamic forces. By employing two calibrated sensors, the system aims 

to provide precise texture analysis without needing machine-controlled speeds. The 

sensors' ability to detect variations in vibration frequency and amplitude is expected to 

deliver detailed surface information, making the system adaptable to variable speed 

conditions. The second hypothesis is tactile system with a pressure sensing array enabling 

quantitative object sensing. It is hypothesized that the number of activated sensors 

correlates with the object's size, and greater sensor density improves accuracy. This 

approach could enhance the measurement of object characteristics and advance medical 

diagnostics by providing precise, non-invasive tissue assessments. 

 

1.2 Objectives and Scope 

 

Based on the above hypotheses, the following objectives are to be accomplished by the end 

of the study: 
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1. To develop piezoelectric sensors and texture sensing systems for quantitative texture 

sensing 

 

2. To realize micro-scale patterns reconstruction with the texture sensing systems. 

 

3. To enhance the stability of pressure sensors for accurate medical diagnostic tasks. 

 

4. To integrate the developed materials for on skin conformal electrodes, and further 

integrate with wearable and wireless electronics to realize conformal on-skin 

biopotential measurement. 

 

This research encompasses the design, development, and validation of tactile sensing 

systems focused on object recognition and texture sensing. The scope includes: 

 

1.  Fabrication of piezoelectric tactile Sensors: Development of piezoelectric vibration 

sensors and a texture sensing system to achieve detailed and accurate texture 

characterization. 

 

2. Characterization of piezoelectric tactile sensors’ response: Comprehensive analysis of 

the piezoelectric tactile sensor to ensure its speed-independent property, verifying that 

texture characterization remains accurate regardless of scanning speed. 

 

3. Simulation for response of piezoelectric tactile sensor: Conducting simulations of the 

piezoelectric tactile sensor to support and explain its operational mechanisms, 

providing insights into how it achieves precise texture characterization. 

 

4. Integration of intelligent tactile system: Creation of tactile gloves featuring a 142-

channel pressure sensing array, evaluating their performance in object sensing and 

medical diagnostics. 

 

5. Machine Learning-based medical classification tasks: Implementation of machine 
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learning algorithms for object classification tasks, demonstrating the potential for 

advanced object recognition and analysis. 

 

1.3 Dissertation Overview 

 

The thesis consists of the following 6 chapters: 

 

Chapter 1: Introduction 

This chapter introduces the research, providing a rationale and outlining the goals. It 

focuses on the design and validation of tactile sensing systems for object recognition, 

including texture sensing and medical palpation. 

 

Chapter 2: Literature Review 

This chapter reviews current tactile sensing technologies and their applications. It covers 

human tactile perception, various tactile force sensors, machine learning algorithms in 

tactile systems, and advances in tactile gloves for robotics and healthcare. 

 

Chapter 3: Experimental Methodology 

The methodology chapter details the selection and use of piezoelectric and pressure sensing 

technologies. It describes the construction of tactile sensors, mechanical simulations, data 

acquisition methods, and the use of SVMs for classifying tactile stimuli. 

 

Chapter 4: A piezoelectric tactile sensor for in-situ measurement of micro-scale surface 

profile 

This chapter introduces a piezoelectric tactile sensor, which uses piezoelectric sensors for 

quantitative texture analysis. Unlike traditional systems, the sensor provides detailed 

micro-scale morphology characterization and can be integrated into robotic systems for 

real-time texture reconstruction. 

 

Chapter 5: An intelligent piezoresistive tactile system for in-situ quantifying object 

features 
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This chapter describes the design and fabrication of stability-enhanced tactile gloves. It 

details the integration of pressure sensing arrays, stability reinforcement methods, and the 

application of the gloves in healthcare classification tasks, showing their potential for 

diagnostic use. 

 

Chapter 6: Conclusions and Recommendations 

The conclusion summarizes the findings on tactile sensing technologies. It validates the 

use of piezoelectric sensors for in-situ quantification of micro-scale object texture and a 

intelligent tactile systems for quantitative clinic classification. The chapter proposes future 

work integrating these technologies with robotics and AI for enhanced diagnostics. 

 

1.4 Findings and Outcomes/Originality 

 

This research led to several novel outcomes by: 

 

1. Developing a piezoelectric tactile sensor and designing a texture sensing system. 

 

2. Utilizing microscale Chinese knot patterns, fabricated via photolithography, for 3D 

structure reconstruction. 

 

3. Creating tactile sensing systems by integrating a 142-channel pressure sensing 

array with fabric gloves. 

 

4. Enhancing sensor stability through both surface modification and encapsulation 

techniques. 

 

5. Conducting object classification tasks using machine learning methods. 
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Chapter 2  

 

Literature Review 

 

This chapter reviews the current state of tactile sensing technologies and 

their applications. It explores human touch sensing, including biological 

mechanisms of tactile perception. The chapter examines various tactile 

force sensors, focusing on their sensing mechanisms and uses in object 

and texture detection. It also discusses machine learning algorithms 

employed in tactile systems, their categories, and applications. Further, 

it covers the role of tactile sensors in medical palpation and highlights 

advancements in tactile sensing gloves for rehabilitation and virtual 

reality. This overview provides a snapshot of the progress and trends in 

the field of tactile sensing.  
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2.1 The sense of human touch 

 

Skin, the human body's largest organ, plays a crucial role in providing a gateway to 

vital biological signals originating from internal organs, blood vessels, muscles, and 

the various layers of the skin itself[1, 2]. This unique characteristic makes skin an 

invaluable source of information, as it can both generate and transmit biological 

signals that reveal important health metrics. The intricate construction of the skin can 

be broken down into several key layers, each with distinct functions and characteristics. 

 

The structure of human skins is demonstrated in the Figure 2.1. The outermost layer 

of the skin, known as the epidermis, acts as a protective barrier against environmental 

hazards[3]. The epidermis is composed of multiple sub-layers, including the stratum 

corneum, which consists of dead, flattened cells known as corneocytes. These cells are 

stacked in layers and play a vital role in water retention, which is crucial for 

maintaining hydration. Beneath the stratum corneum are living basal cells that 

continuously reproduce, ensuring the regeneration of the skin. The epidermis also 

serves as a route for the excretion of sweat, which contains various biomarkers such 

as pH, mineral ions, glucose, water, lactic acid, and urea. These components can 

provide valuable insights into a person’s health status. Beneath the epidermis lies the 

dermis, a thicker layer that contains a network of blood vessels, nerves, and connective 

tissues. This layer is critical for regulating body temperature and supplying the skin 

with nutrients. Major arteries within the dermis carry cardiovascular information that 

can be detected at the skin's surface, including metrics like heart rate, blood pressure, 

oxygen levels, and pulse wave velocity. The dermis also houses nerve endings that 

respond to stimuli, providing the sensation of touch and pain. These nerves include 

major ones like the median nerve from the brachial plexus, which innervates muscle 

fibers to stimulate physical contraction. This activity produces a summation of action 

potentials, which can be recorded by electrodes placed near the targeted muscle group, 

revealing crucial biopotential signals. 
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The innermost layer of the skin is the hypodermis, also known as the subcutaneous 

layer. This layer primarily consists of fat and connective tissues that provide 

cushioning and insulation for the body. The hypodermis also plays a role in storing 

energy and serves as a conduit for larger blood vessels and nerves that extend into the 

dermis and epidermis. Additionally, this layer helps anchor the skin to the underlying 

structures, allowing for flexibility and mobility. 

 

The construction of the skin and its rich array of bio-signals make it an ideal platform 

for developing application-specific electronic sensing devices. These devices often 

utilize polymer-based skin-mounted substrates, which can adhere to the skin surface 

and accurately detect and monitor various physiological parameters. By leveraging the 

skin's natural properties and the advanced capabilities of modern sensors, these 

technologies have the potential to revolutionize the way we monitor and understand 

human health. 

 

Figure 2.1 Structure of human skins. Reproduced with permission from ref.[3]. 
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Copyright 2017 American Chemical Society. 

 

Restoring a natural sense of touch involves replicating the sensory properties of biological 

skin, which requires a deep understanding of the key factors that influence these properties. 

Human skin contains a variety of sensory receptors. Other than pain receptors, cold 

receptors, warm receptors, four types of mechanoreceptors that detect non-painful 

mechanical stimuli are of great importance to understand the sense of interactive touch[4, 5]. 

These receptors encode sensory information through action potentials, where the timing 

between voltage spikes conveys different types of sensory data. 

 

Among the mechanoreceptors, there are four distinct types, each specialized to respond to 

different mechanical stimuli with varying temporal and spatial sensitivities. These 

mechanoreceptors include Slow Adapting type I (SA-I), Slow Adapting type II (SA-II), 

Fast Adapting type I (FA-I), and Fast Adapting type II (FA-II) receptors. They are 

distinguished by their response to the frequency of stimuli, as well as the size of their 

receptive fields—the area of skin that triggers a response[5-7]. Here is the location and 

response characteristics of the four mechanoreceptors: 

 

SA-I receptors are located near the surface of the skin, particularly in high-density areas 

like the fingertips. They are highly sensitive to skin indentations, providing detailed 

information about static pressure[8]. These receptors produce a sustained signal in response 

to a constant stimulus, which is why they are termed ‘slow adapting’. This continuous 

signal allows for the perception of steady pressure and fine details, making them crucial 

for tasks that require high-resolution force discrimination, such as identifying object shapes 

and textures. 

 

In addition to SA-I receptors, SA-II receptors are situated deeper within the skin and are 

primarily responsible for detecting skin stretch, which is essential for proprioception—the 

sense of the relative position of body parts. Similar to SA-I receptors, SA-II receptors also 

produce sustained signals but are specifically sensitive to lateral skin deformation[9]. This 
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sensitivity makes them key for detecting changes in body posture and for maintaining 

balance and coordination. 

 

FA-I receptors are located in the upper layers of the skin and are involved in detecting low-

frequency (5–50 Hz) vibrations. They are particularly important for sensing changes in 

object position and detecting textures during manipulation. These receptors respond rapidly 

to dynamic forces and vibrations, producing transient signals in response to changes in 

stimuli. This quick adaptation allows them to detect fine textures and provide feedback 

necessary for adjusting grip force during tasks like holding and manipulating objects. 

 

FA-II receptors are found deeper in the skin and are specialized in detecting high-frequency 

vibrations, up to 400 Hz. They cover larger areas of the skin compared to FA-I receptors. 

FA-II receptors are crucial for detecting fine textures and the onset of slip between the skin 

and an object[10]. They respond quickly to high-frequency stimuli, providing the brain with 

detailed information about the surface qualities of objects and the dynamics of interactions, 

such as slipping. 

 

The sensory signals generated by these mechanoreceptors are transmitted through nerve 

fibers, each of which carries information from multiple receptors. The brain interprets the 

combined input from these receptors to form a complex picture of the body's position and 

the properties of objects being touched, such as size, shape, texture, and hardness. The time 

delay for these signals to travel from the skin to the brain is typically in the range of several 

tens of milliseconds, allowing for rapid and accurate sensory perception. Understanding 

and mimicking the function of these receptors is crucial in the development of artificial 

skin technologies and prosthetics that aim to restore a natural sense of touch[11]. 
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Figure 2.2 Four types of mechanoreceptors, including SA-I and SA-II, slow adapting 

receptors; FA-II and FA-II, fast adapting receptors. Reproduced with permission from 

ref.[6]. Copyright 2016 Springer Nature. 

 

2.2 Artificial tactile sensing 

 

Artificial sensing devices, known as tactile or tactile sensors, are designed based on the 

sensory capabilities of human skin. These tactile sensors, commonly referred to as strain 

and pressure sensors, are capable of gathering data on the mechanical properties of the 

human body and its surrounding environment, providing valuable insights into human 

health, human-machine interfaces (HMIs) and supporting artificial intelligence systems. 

By incorporating high levels of wearability, including bendability and stretchability, tactile 

sensors can significantly improve their interaction with contact surfaces, ensuring reliable 
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long-term performance[12-14]. This flexibility allows wearable tactile sensors to conform to 

various curved surfaces without damage, positioning them as a promising technology for 

Internet of Things (IoT) applications[15]. 

 

The fundamental parameters of wearable tactile sensors, such as sensitivity and 

stretchability, have seen remarkable advancements thanks to progress in device fabrication 

techniques and material structural engineering. The development of new smart materials 

and robust sensor designs has enabled these sensors to integrate multiple functionalities, 

such as simultaneous detection of force, temperature, and humidity, as well as 

discrimination between pressure and strain. These sensors also possess exciting properties 

like biocompatibility, biodegradability, self-healing, self-powering, and visualization, 

expanding their potential applications. Furthermore, the compatibility of tactile sensors 

with printing processes heralds a new era of wearable technology, offering the possibility 

of large-area and high-throughput production. Beyond sensor development, the integration 

of other system components, such as data storage, signal conversion, power supply, 

wireless communication, and feedback actuators, into a comprehensive wearable platform 

has become a major area of research in recent years. 

 

In this part, it aims to summarize the current advancements in wearable tactile sensors, 

covering sensing mechanisms, static force sensing, dynamic force sensing. 

 

2.2.1 Mechanisms, materials, and sensors 

 

Five types of sensing mechanisms commonly used in tactile sensors, each leveraging 

different physical principles to detect and measure various stimuli. These mechanisms are 

piezoresistive, capacitive, piezoelectric, optical, and magnetic. Here's a summary of each 

mechanism (shown in Figure 2.3): 

 

1. Piezoresistive Mechanism: The piezoresistive mechanism relies on changes in 

electrical resistance due to mechanical deformation of a material. The deformation can 

be caused by various factors such as geometrical effects, crack propagation, 
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disconnection mechanisms, and tunneling effects. As the material is deformed, the 

electrical resistance changes, allowing the sensor to detect and measure the magnitude 

of the applied force or pressure. There are mainly fours kinds of mechanisms that 

contributes to piezoresistive change: 1. Geometrical effect: The change in resistance is 

due to the stretching or compressing of the material, which alters the length and cross-

sectional area of the conductive paths. 2. Crack propagation: Cracks in the material can 

change the conduction pathways, thereby affecting the resistance. 3. Disconnection 

mechanism: When parts of the conductive material disconnect due to deformation, it 

causes a significant change in resistance. 4. Tunneling effect: At the nanoscale, 

quantum tunneling can occur between conductive particles in a dielectric matrix, and 

this effect is sensitive to changes in distance between particles due to mechanical strain. 

Systems based on the piezoresistive mechanism are typically easy to fabricate, feature 

simple readout circuits, and are well suited for large-scale array integration. Although 

they are often challenged by consistency issues, their relatively low cost has made them 

widely adopted in artificial tactile systems. 

 

2. Capacitive Mechanism: The capacitive mechanism is based on changes in capacitance 

due to the deformation of the sensor. This can be influenced by changes in the distance 

between conductive plates, the dielectric constant of the material between the plates, or 

the relative area of the overlapping conductive surfaces. There are three mechanisms: 

1. Distance change. The capacitance changes as the distance between two conductive 

plates changes. 2. Dielectric constant change. Variations in the dielectric material's 

properties, often due to pressure or other environmental factors, alter the capacitance. 

3. Relative area change. The effective overlapping area of the conductive plates 

changes due to mechanical deformation, affecting the capacitance. Systems based on 

the capacitive mechanism generally offer high sensitivity; however, in large-area arrays 

they are prone to crosstalk and environmental noise (e.g., humidity and temperature), 

leading to limited signal stability. 

 

3. Piezoelectric/triboelectric mechanism: These mechanisms involve materials that 

generate an electric charge in response to mechanical stress. This property is inherent 
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in certain materials, such as quartz and some ceramics, which generate a voltage when 

subjected to mechanical deformation. These mechanisms can be further classified into 

four types, including vertical contact mode, single electrode mode, sliding mode, and 

freestanding mode. Piezoelectric and triboelectric effect are widely used for detecting 

vibrations, pressure, and other mechanical changes by converting these physical 

changes into electrical signals. Systems based on piezoelectric or triboelectric 

mechanisms exhibit very fast response speeds, making them highly suitable for high-

frequency applications. Nevertheless, due to the transient nature of their signals, they 

are not well suited for measuring static mechanical loads. 

 

4. Optical Mechanism: Optical mechanisms utilize light-based technologies to detect 

changes in light strength in optical fibers or optical light pathway.  Optical Detection: 

The mechanism can involve LEDs and photodiodes where mechanical movements alter 

the path or properties of light, such as through reflection, refraction, or occlusion, which 

can be detected and measured. Systems based on the optical mechanism achieve 

excellent stability and fast response due to light-based detection, but their structural 

complexity hinders dense array integration. 

 

5. Magnetic Mechanism: Magnetic mechanisms detect changes in magnetic fields or 

properties due to mechanical interactions. Magnetic This involves sensors that detect 

variations in magnetic fields, which can occur due to the movement or deformation of 

magnetic materials or components. These changes can be translated into electrical 

signals for further processing. Systems based on the magnetic mechanism also provide 

high stability and rapid response; however, they are susceptible to interference from 

external magnetic fields and, similarly, face challenges of system complexity that limit 

scalability for high-density integration. 

 

Each of these mechanisms offers unique advantages and can be selected based on the 

specific requirements of the application, such as sensitivity, range, response time, and 

environmental conditions. 
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The choice of piezoresistive and piezoelectric mechanisms is primarily based on their 

complementary application needs. Piezoelectric sensors can respond rapidly and 

sensitively to dynamic loads and vibration signals, making them suitable for high-

frequency and high-speed surface microstructure scanning. In contrast, piezoresistive 

sensors perform stably in static pressure and strain detection, while offering simple circuit 

readout and scalability for large-area array integration. The combination of the two enables 

simultaneous acquisition of both dynamic and static information, thereby achieving 

comprehensive tactile perception. Capacitive mechanisms, despite their high sensitivity, 

are prone to crosstalk and environmental noise in large-scale arrays, leading to insufficient 

signal stability. Triboelectric-based systems are generally more complex in design 

compared with piezoelectric systems. In our work, by leveraging the mechanical 

characteristics of the cantilever beam, the piezoelectric effect provides a direct and efficient 

means of capturing high-frequency dynamic mechanical signals and reconstructing the 

surface microstructure of the target. 
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Figure 2.3 Different sensing mechanisms of tactile force sensors, including 

piezoresistive, capacitive, piezoelectric/triboelectric, light and magnet. Reproduced with 

permission from ref.[16]. Copyright 2009 Wiley. Reproduced with permission from ref.[17]. 

Copyright 2014 Wiley. Reproduced with permission from ref.[18]. Copyright 2014 Springer 

Nature. Reproduced with permission from ref[19]. Copyright 2020 Springer Nature. 

Reproduced with permission from ref.[20]. Copyright 2016 Wiley. Reproduced with 

permission from ref.[21]. Copyright 2020 American Chemical Society. Reproduced with 

permission from ref.[22]. Copyright 2021 Wiley. Reproduced with permission from ref.[23]. 

Copyright 2012 American Chemical Society. Reproduced with permission from ref.[24]. 

Copyright 2014 American Chemical Society. Reproduced with permission from ref.[25]. 

Copyright 2014 Wiley. Reproduced with permission from ref.[26]. Copyright 2014 Wiley. 

Reproduced with permission from ref[27]. Copyright 2015 Springer Nature. Reproduced 

with permission from ref[28]. Copyright 2016 American Association for the Advancement 
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of Science. Reproduced with permission from ref[29]. Copyright 2024 MDPI, Basel, 

Switzerland. 

 

2.2.2 Flexible tactile sensors for object classification 

 

In recent years, advancements in tactile sensing systems have significantly enhanced our 

ability to recognize and interact with objects in various environments. These systems, 

which mimic the sense of touch, provide critical information about an object's shape, 

texture, stiffness, and other properties. This capability is particularly valuable in robotics, 

prosthetics, and human-computer interaction, where accurate object recognition can lead 

to more interactive and responsive systems. 

 

Recent innovations in tactile sensing have led to the development of highly sensitive and 

precise systems. Zhao et al. developed stretchable optical waveguides for strain sensing in 

prosthetic hands. These photonic sensors, known for easy fabrication, chemical inertness, 

low hysteresis, and high precision, were used as curvature, elongation, and force sensors 

in a fiber-reinforced soft prosthetic hand[28]. Shi et al. created an iontronic e-skin with a 

dense array of sensing elements, offering high sensitivity and real-time pressure mapping 

without crosstalk[30]. Zhang et al. developed a biomimetic e-skin for robots, combining 

triboelectric and piezoresistive elements for dynamic and static pressure sensing. Using a 

microstructure-enhanced template method, the BES achieved high sensitivity and a wide 

detection range. Multimodal sensing systems are utilized for more complicated application 

scenarios[31]. Liu et al. introduced a tactile-olfactory sensing array for a mechanical hand, 

allowing real-time detection of an object's topography, stiffness, and odor. Using a 

bioinspired machine-learning approach, this system mimics neural processes in animals, 

potentially aiding in human identification[32]. 

 

The future of tactile sensing systems for object recognition looks promising, with continued 

advancements expected in sensor sensitivity, integration, and data processing capabilities. 

Innovations in materials and fabrication techniques will likely result in more durable and 

versatile tactile sensors, capable of withstanding diverse environmental conditions. The 



Literature Review  Chapter 2 

19 

 

integration of machine learning algorithms will further enhance the ability of these systems 

to accurately interpret complex tactile data, enabling more nuanced and sophisticated 

object recognition. As these technologies evolve, we can anticipate their broader 

application in areas such as robotics, assistive devices, and virtual reality, providing more 

natural and interactive interactions between humans and machines. 

 

Figure 2.4 Tactile sensing systems for object recognition and tactile sensing systems. 

(a) Soft prosthetic hand using optical waveguides. Reproduced with permission from ref. 

[28]. Copyright 2016 American Association for the Advancement of Science (b) Iontronic 

skins for object classification. Reproduced with permission from ref.[30]. Copyright 2020 

American Association for the Advancement of Science. (c) Triboelectric-piezoresistive 

based robotic hands. Reproduced with permission from ref.[31]. Copyright 2024 American 

Chemical Society. (d) Bimodal sensing array for robust object recognition. Reproduced 

with permission from ref.[32]. Copyright 2022 Springer Nature. (e)Piezoelectric skin tele-

tactile system for texture classification. Reproduced with permission from ref.[33]. 

Copyright 2022 Springer Nature. (f) Ionic skin for fingertip-like tactile sensation. 

Reproduced with permission from ref.[34]. Copyright 2011 Wiley. (g) Bimodal-sensitive 
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tactile systems. Reproduced with permission from ref.[35]. Copyright 2023 American 

Chemical Society. (h) CNN-based tactile sensor system for roughness recognition. 

Reproduced with permission from ref.[36]. Copyright 2019 Elsevier. 

 

2.2.3 Flexible tactile sensors for texture sensing 

 

Texture sensing is a critical component of tactile feedback systems, enabling machines to 

discern fine details about surface properties. This capability is essential for applications in 

robotics, prosthetics, and virtual environments, where understanding and interacting with 

various textures can enhance precision and realism. Advanced tactile systems that can 

accurately detect and interpret texture differences allow for more interactive and effective 

interactions between humans and machines. 

 

Recent advancements in tactile sensing technologies have demonstrated significant 

potential for enhancing texture sensing capabilities. Jin et al. developed a skin-attachable, 

untethered tactile system featuring an ultra-flexible bimodal tactile sensor and a flexible 

tactile actuator array. This system can capture and replicate tactile stimuli with high spatial 

resolution, offering a sophisticated and immersive tactile interface[33]. Qiao et al. 

introduced an ionic skin inspired by fingertip structures, featuring stiff ridges in a soft 

hydrogel matrix. This design enables strain-undisturbed dynamic pressure sensing and 

texture recognition, mimicking the multimodal sensations of human fingers[34]. Chun et al. 

proposed a self-powered neural tactile sensor (NTS) that accurately mimics human finger 

skin. It integrates a pressure sensor array and a triboelectric nanogenerator (TENG) for 

detecting both pressure and vibration, achieving 99.1% accuracy in classifying complex 

fabric patterns[35]. Tsuji et al. presented a tactile sensor system using a convolutional neural 

CNN to recognize surface roughness. The system, which includes a pressure sensor and a 

six-axis acceleration sensor, analyzes time-series data to determine roughness, achieving 

up to 71% recognition accuracy with a simple and cost-effective design[36]. 

 

The future of tactile sensing systems for texture sensing is promising, with ongoing 

advancements in sensor technology, materials science, and data processing. Future 
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developments are likely to focus on enhancing the sensitivity and specificity of these 

systems, enabling more precise detection and differentiation of textures. Innovations in 

flexible and stretchable materials will improve the durability and adaptability of tactile 

sensors, making them suitable for a wider range of applications, including wearable devices 

and soft robotics. Additionally, the integration of advanced machine learning algorithms 

will allow for more sophisticated interpretation of sensory data[37, 38], improving the 

accuracy and reliability of texture recognition. As these technologies continue to evolve, 

we can expect tactile sensing systems to become increasingly integral to fields such as 

virtual reality, telemedicine, and robotic-assisted surgery, where nuanced tactile feedback 

is crucial for user experience and functionality. 

 

2.3 Intelligent tactile systems 

 

In the era of the Fourth Industrial Revolution (Industry 4.0), vast amounts of data—

encompassing IoT data, cybersecurity data, mobile data, business data, social media data, 

and health data—are being generated. The intelligent analysis of this data and the creation 

of smart, automated applications rely heavily on knowledge in artificial intelligence (AI), 

particularly machine learning (ML). This field brings together concepts from various 

disciplines, including artificial intelligence, probability and statistics, computer science, 

information theory, psychology, control theory, and philosophy. In machine learning, 

techniques such as classification analysis, regression, data clustering, feature engineering, 

dimensionality reduction, association rule learning, and reinforcement learning are 

employed to build effective data-driven systems. The convergence of AI and tactile sensing 

systems heralds a new era of innovation, overcoming past limitations and endowing 

human-machine interfaces (HMIs) and robotics with cognitive capabilities for perception, 

learning, and intelligent decision-making. Overall, integrating AI into artificial sensing 

systems leads to unprecedented advancements in applications of HMIs and robotics. 

 

2.3.1 Machine learning algorithms 
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AI, ML, and deep learning (DL)[39] are essential in artificial sensing systems for 

complicated task in various scenarios. ML models and artificial neural networks, including 

DL, are integral to the field of robotics, as illustrated in Figure 47. Within machine learning, 

basic methods and artificial neural networks are further divided into shallow and deep 

neural networks. Traditional ML algorithms encompass techniques such as Support Vector 

Machines (SVM), decision trees, k-Nearest Neighbors (kNNs), and Adaboost. The random 

forest (RF) model, which comprises multiple decision trees, utilizes a "parallel 

ensembling" approach. This method involves fitting several decision tree classifiers in 

parallel on different subsets of data and aggregating their predictions through majority 

voting or averaging to produce a final result. 

 

In sensor-related research, supervised learning techniques, particularly kNNs, SVM, and 

supervised deep learning models, are predominantly used. These algorithms are primarily 

employed for classification tasks, enabling robots to distinguish between various objects 

upon contact. Unlike random forests, which use parallel ensembling, Adaboost employs a 

"sequential ensembling" technique. It creates a strong classifier by combining multiple 

weak classifiers, iteratively focusing on misclassified data points to improve accuracy. 

 

Deep learning algorithms encompass a range of architectures, including Convolutional 

Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Multilayer Perceptrons 

(MLPs), Autoencoders, and Transformers[39-41]. CNNs are particularly effective for image 

recognition tasks due to their ability to capture spatial patterns within data. This makes 

them ideal for analyzing sensor data with two-dimensional arrays, such as electronic skin 

(e-skin) applications, where they are used for tasks like object contact classification. RNNs, 

including their advanced variant Long Short-Term Memory (LSTM) networks, are adept 

at processing sequential data, making them invaluable for tasks such as speech recognition 

and natural language processing. These algorithms excel in handling time-series data, 

making them suitable for time-series classification and execution tasks in robotics. MLPs 

are versatile neural networks used for a variety of tasks, including classification and 

regression[42]. They are sensitive to feature scaling and offer numerous tunable 

hyperparameters, such as the number of hidden layers, neurons, and training iterations. 
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This flexibility allows MLPs to model complex relationships in data, but it also means they 

can be computationally intensive. Autoencoders are a type of unsupervised learning model 

used for feature learning and data compression. They work by encoding input data into a 

lower-dimensional representation and then decoding it back to reconstruct the original 

input. This process is particularly useful for tasks such as anomaly detection, data denoising, 

and dimensionality reduction. Transformers[43], known for their attention mechanisms, 

have revolutionized natural language processing tasks, particularly in machine translation, 

text summarization, and text generation. Their ability to focus on different parts of the input 

data when making predictions has made them a powerful tool for understanding and 

generating human language. 

 

The integration of these ML and DL techniques in robotics has significantly enhanced the 

capabilities of robots, enabling them to perform complex tasks with greater intelligence, 

autonomy, and efficiency. This convergence of advanced algorithms and robotics 

technology is paving the way for innovative applications across various industries, from 

manufacturing and healthcare to service and entertainment sectors. 
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Figure 2.5 Venn diagram of machine learning algorithms learning concepts and classes. 

 

2.3.2 Machine learning-empowered intelligent tactile systems 

 

Tactile sensing systems have seen significant advancements in recent years, largely driven 

by the integration of sophisticated machine learning techniques. These systems, which 

mimic the human sense of touch, are increasingly being utilized in various applications, 

from gesture recognition and facial expression decoding to sign language translation and 

robotic manipulation. By leveraging different machine learning methods, such as 

convolutional neural networks and sparse neural networks, these systems can efficiently 

process and integrate data from various sensors, including stretchable strain sensors, 
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piezoelectric thin films, and yarn-based sensor arrays. This fusion of tactile data with 

machine learning algorithms enables precise and real-time interpretation of complex 

physical interactions, enhancing the capabilities of both wearable and robotic technologies. 

The development of such systems, as demonstrated by recent studies, highlights the 

potential for tactile technologies to revolutionize fields like medical diagnostics, assistive 

devices, and human-computer interaction. 

 

Wang et al. developed a bioinspired system for human gesture recognition that combines 

visual data with somatosensory data from stretchable strain sensors made of single-walled 

carbon nanotubes. The system uses a convolutional neural network for visual data 

processing and a sparse neural network for integrating sensor data at the feature level[44]. 

Sun et al. designed a system for decoding facial strains and predicting facial movements 

using mass-manufacturable piezoelectric thin films. The system includes multiphysics 

modeling for analyzing device interactions with the skin and 3D digital image correlation 

for dynamic surface reconstruction. It successfully decodes facial movements in both 

healthy individuals and ALS patients[45]. Zhou et al. demonstrated a wearable system for 

translating American Sign Language into speech. The system uses yarn-based stretchable 

sensor arrays and a wireless circuit board, achieving a 98.63% recognition rate and less 

than 1-second recognition time[46]. Shu et al. introduced a shape-sensing electronic skin 

(SSES) that allows soft robots to detect and reconstruct their shape during movement, 

providing proprioception. The system also uses machine learning to recognize different 

terrains, enhancing robotic autonomy in complex environments[47]. Kireev et al. developed 

a continuous blood pressure monitoring platform using graphene electronic tattoos, 

offering accurate and non-invasive BP readings for over 300 minutes. The system records 

diastolic and systolic pressures with high accuracy[48].  Li et al. integrated quadruple 

tactile sensors into a robotic hand for precise object recognition through grasping. The 

sensors detect thermal conductivity, contact pressure, and temperature, enabling the robot 

to accurately classify various objects, including for tasks like garbage sorting[49]. 

 

The future of tactile sensing systems is poised to expand into even more sophisticated and 

versatile applications, driven by ongoing advancements in materials science, sensor 
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technologies, and machine learning algorithms. One promising direction is the 

development of more adaptive and intelligent systems capable of learning and refining their 

sensory perceptions in real-time, akin to human sensory adaptation. This could be achieved 

through the integration of advanced neural networks and deep learning techniques, 

enabling these systems to handle increasingly complex and dynamic environments. 

Moreover, the miniaturization and enhanced sensitivity of sensors, such as graphene-based 

electronic tattoos and multilayer microstructures, will likely lead to more comfortable and 

unobtrusive wearable devices. These innovations could significantly impact healthcare, 

providing continuous monitoring and early detection of physiological changes. 

Additionally, the improvement in robotic tactile feedback systems will enhance human-

robot interaction, enabling robots to perform delicate tasks with greater precision. As these 

technologies evolve, ethical considerations and data privacy issues will also need to be 

addressed, particularly in applications involving sensitive personal data. Overall, the 

integration of machine learning with tactile sensing systems holds immense potential for 

creating more interactive and responsive technologies across various domains. 
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Figure 2.6 AI for artificial tactile sensing systems. (a) CNN + Sparse NN for gesture 

recognition. Reproduced with permission from ref.[44]. Copyright 2020 Springer Nature. (b) 

kNN for expression recognition. Reproduced with permission from ref.[45]. Copyright 2020 

Springer Nature. (c) SVM for sign language recognition. Reproduced with permission from 

ref.[46]. Copyright 2020 Springer Nature. (d) Decision trees for texture recognition. 

Reproduced with permission from ref.[47]. Copyright 2023 Wiley. (e) Adaboost for blood 

pressure monitoring. Reproduced with permission from ref.[48]. Copyright 2022 Springer 

Nature. (f) Multilayer perception for object detection. Reproduced with permission from 

ref.[49]. Copyright 2020 American Association for the Advancement of Science 

 

2.4 Applications of intelligent tactile systems 

 



Literature Review  Chapter 2 

28 

 

The development of intelligent tactile systems has unlocked a myriad of applications across 

various fields, with particularly significant impacts in medical palpation and robotics. 

These advanced systems integrate high-resolution sensing technologies, machine learning 

algorithms, and real-time data processing to achieve precise and versatile touch-based 

interactions. Advancements in intelligent tactile systems are paving the way for 

transformative applications in both medical palpation and robotics[50-52]. In medical 

palpation, these systems offer the potential to revolutionize diagnostic procedures by 

providing more accurate, reliable, and non-invasive methods for detecting and assessing 

various conditions. The integration of tactile sensing with robotic tools enhances surgical 

precision and safety, leading to improved patient outcomes. In robotics, the incorporation 

of tactile sensing capabilities significantly expands the functional range of robots. The 

ability to perceive and respond to tactile information enables robots to perform more 

complex and delicate tasks, making them invaluable in industries ranging from 

manufacturing to healthcare[53]. As these technologies continue to evolve, we can expect 

even more innovative applications that leverage the sophisticated capabilities of intelligent 

tactile systems, ultimately enhancing the quality of life and advancing various 

technological frontiers. 

 

Palpation is a fundamental clinical technique employed by healthcare professionals to 

examine the body through the sense of touch. This method enables doctors to evaluate the 

size, shape, firmness, and position of various body parts, as well as to detect abnormalities 

such as lumps, swelling, tenderness, or changes in texture. Palpation is integral in 

diagnosing somatic issues, formulating treatment plans, and assessing the outcomes of 

treatments. By accurately identifying the specific tissues involved in a patient's complaint, 

clinicians can tailor the rest of the evaluation to address the affected areas appropriately. 

Understanding the importance of palpation is crucial for medical students, as it can 

significantly enhance their diagnostic and evaluation skills[54]. Despite this, over the past 

three decades, there has been a growing reliance on advanced technology in medical 

practice, leading some to question the relevance and value of physical examinations, 

including palpation, in contemporary patient care. 
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To gauge the current perspective on physical examinations, a structured online survey was 

conducted with 2,684 practicing clinicians of varying ages and from multiple countries. 

The results showed that 70% of the respondents believed that physical examinations were 

"almost always valuable" in acute general medical referrals. Specifically, the survey 

indicated that most doctors (over 70%) found palpation techniques—such as abdominal 

palpation for tenderness, palpation of arterial pulses, and abdominal palpation and 

percussion for assessing spleen size—both useful and essential in clinical practice[55]. 

 

The need for digital palpation arises from several challenges associated with traditional 

palpation methods. One key issue is the subjectivity and variability inherent in traditional 

palpation, which heavily relies on the clinician's experience and skill level. This 

dependence can lead to subjective interpretations and varying findings, as different 

practitioners may have different levels of sensitivity and may interpret physical signs 

differently. Additionally, traditional palpation has limited sensitivity; human fingers 

naturally have limitations in detecting subtle differences in tissue properties, such as minor 

variations in texture, elasticity, or temperature. These limitations can sometimes result in 

missed diagnoses or an inability to detect early signs of certain conditions. Finally, 

quantification challenges are another significant issue, as manual palpation often lacks the 

precision needed to accurately measure findings. For example, assessing the exact size of 

a lump or the degree of tenderness can be challenging without objective measurement tools, 

leading to inconsistencies and affecting the reproducibility of clinical assessments. Digital 

palpation technologies can address these challenges by providing more objective, sensitive, 

and quantifiable data, enhancing the accuracy and reliability of clinical evaluations. 

 

Given these challenges, the development of digital palpation technologies is becoming 

increasingly important. These technologies can provide objective, quantifiable data that 

complement the clinician's sensory input, enhancing diagnostic accuracy and consistency. 

Digital palpation tools can also overcome the limitations of human touch, offering greater 

sensitivity and specificity in detecting subtle tissue changes. Additionally, such 

technologies can standardize the assessment process, reducing variability and improving 

the reliability of findings across different practitioners. 
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The human breast is primarily composed of glandular tissue, fatty tissue, and connective 

tissue. The glandular tissue, which includes lobes and lobules, is responsible for milk 

production, while the fatty tissue gives the breast its shape and volume. Ducts transport 

milk to the nipple, and the breast also contains blood vessels, lymph nodes, and nerves that 

are supported by connective tissue[56, 57]. 

 

Figure 2.7 (a) Schematic diagrams of the ductal anatomy of the breast. Structure of 

human breasts[57]. 1. Chest wall. 2. Pectoral muscles. 3. Lobules. 4. Nipple surface. 5. 

Areola. 6. Lactiferous duct. 7. Fatty tissue. 8. Skin. (b) Schematic diagrams of breast 

nodules, including cyst, fibroadenoma, and tumor. (c) Schematic figures for palpation on 

human breast.  

 

In this context, nodules, or lumps, can form within the breast and vary widely in size, 

texture, and mobility. These nodules may be benign, such as cysts or fibroadenomas, or 

malignant, indicating the presence of breast cancer. The early detection and accurate 
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characterization of these nodules are crucial for effective treatment and management, as 

identifying potential issues early significantly improves patient outcomes. 

 

Palpation is a key manual examination technique used by healthcare providers to evaluate 

the breast for abnormalities. This process involves feeling the breast tissue to detect any 

lumps, changes in texture, or areas of tenderness. Palpation remains an essential part of 

routine breast exams and is instrumental in identifying potential problems early on. 

 

Looking forward, the advent of quantitative digital palpation technologies presents an 

exciting advancement in breast cancer detection. These technologies can offer precise 

measurements of nodules, including their size, texture, and elasticity, which are often 

challenging to assess accurately with manual palpation alone. By providing objective and 

quantifiable data, digital palpation tools can enhance the accuracy of breast examinations, 

facilitating earlier detection of tumors. This improved detection capability can lead to more 

timely and effective interventions, ultimately benefiting patient outcomes. Additionally, 

digital palpation can contribute to standardizing breast exams, reducing variability in 

assessments, and improving overall diagnostic reliability. 

 

Wearable human-machine interfaces (HMIs), such as smart gloves, have gained significant 

attention recently. The effectiveness of these technologies in enhancing interactions with 

both real and virtual environments hinges on their ability to provide interactive, real-time 

tactile feedback. This review examines various smart glove solutions and their applications 

in interaction, rehabilitation, virtual reality (VR), augmented reality (AR), and 

augmentative and alternative communication[58]. Initially, these systems relied on 

commercial touch sensors and displays, but recent developments focus on electronic skin 

(e-skin) technologies with integrated touch sensing and vibrotactile actuation. These 

advancements offer a richer user experience and greater comfort. The review also discusses 

the challenges and benefits of these technologies, including their potential for improving 

robotics, healthcare, sensory augmentation, and tactile internet applications. 
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In terms of pressure sensing gloves, Sundaram et al. utilized a scalable tactile glove 

equipped with deep convolutional neural networks to demonstrate that sensors distributed 

uniformly across the hand can identify objects, estimate their weight, and explore tactile 

patterns during object handling. The glove, with 548 sensors embedded in a knitted fabric 

and connected by conductive threads, captured a comprehensive dataset of 135,000 frames 

from interactions with 26 different objects, highlighting key correlations between hand 

regions during manipulation[59]. This research offers insights into the design of prosthetics, 

robotic grasping tools, and human–robot interactions by mimicking natural 

mechanoreceptor networks. Cui et al. developed a force-softness bimodal sensor (FSS) 

array for wearable tactile platforms, enabling a glove with 112 FSSs to distinguish body 

features using machine learning. The FSS sensors, enhanced with a protrusion atop 

piezoresistive elements, can discern pressure and softness simultaneously[60]. Chen et al. 

reported a neuromorphic tactile system that uses a spike timing mechanism for rapid object 

classification, with a time resolution of 1.2 ms. This system integrates a tactile spiking 

neural network (t-SNN) for dynamic feature extraction and robust performance, 

demonstrating real-time object classification through a biological motor nerve-like 

perception-actuation loop[61]. Gao et al. introduced a microfluidic tactile sensor based on a 

diaphragm pressure sensor design, leveraging an embedded Wheatstone bridge circuit to 

achieve high sensitivity and temperature compensation[62].  

 

In addition to gloves based solely on pressure sensing, there are also other gloves that 

combine strain sensors for bending detection for object interaction or gesture recognition. 

Tashakori et al. showcased smart textile gloves with stretchable helical sensor yarns, 

achieving precise hand movement tracking with minimal error, surpassing conventional 

systems' accuracy and overcoming limitations such as occlusion and setup times[63]. Zhou 

et al. developed a wearable sign-to-speech translation system using triboelectric signals to 

convert sign language into audio speech with high accuracy and durability, capable of 

recognizing 660 ASL gestures with a 98.63% success rate[46].  

 

Based on the sensor gloves, the feedback system will expand the application scenarios of 

smart gloves. Sui et al. presented a portable rehabilitation glove with real-time sensory 
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feedback and a closed-loop control system for diverse finger motion sensing, employing 

Hall sensors and SMA actuators[64]. Zhou et al. also proposed a smart glove with 

triboelectric-based sensors and piezoelectric stimulators for multidirectional detection and 

tactile feedback, achieving 96% accuracy in object recognition through machine learning, 

and demonstrating potential applications in various fields such as entertainment, healthcare, 

and sports training[65].  
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Figure 2.8 Tactile sensing gloves. (a) A scalable tactile glove human grasp 

classification. Reproduced with permission from ref. [59]. Copyright 2019 Springer Nature. 

(b) Bimodal sensing data for tactile body-feature identification. Reproduced with 

permission from ref. [60]. Copyright 2022 Wiley. (c) Tactile glove enabling dynamic object 

classification. Reproduced with permission from ref. [61]. Copyright 2024 American 

Association for the Advancement of Science (d) Tactile gloves for Health and Tactile 

Touch Monitoring. Reproduced with permission from ref.[62]. Copyright 2017 Wiley. (e) 

Smart textile gloves for object interaction. Reproduced with permission from ref.[63]. 

Copyright 2024 Springer Nature. (f) Stretchable sensor arrays on hands for sign-to-speech. 

Reproduced with permission from ref.[46]. Copyright 2020 Springer Nature. (g) A portable 

rehabilitation gloves. Reproduced with permission from ref.[64]. Copyright 2023 Springer 

Nature. (h) Smart gloves both sensing and feedback for VR/AR. Reproduced with 

permission from ref.[65]. Copyright 2020 American Association for the Advancement of 

Science. 

 

The recent advancements in tactile glove technology highlight a promising trajectory for 

HMI and robotics. Cutting-edge sensor arrays, including piezoresistive, triboelectric, and 

neuromorphic systems, provide detailed tactile feedback and accurate object recognition, 

which are essential for enhancing the dexterity and sensitivity of robotic systems. This 

makes them better equipped for delicate tasks and improves their interaction with humans. 

The incorporation of machine learning and deep learning algorithms to process sensory 

data further boosts the adaptability and intelligence of these systems, enabling more 

nuanced and context-aware responses. Tactile gloves are therefore set to become pivotal in 

a wide range of applications, from prosthetics and rehabilitation to virtual reality and 

beyond. Ongoing research and development are likely to lead to even more sophisticated 

HMI solutions, narrowing the gap between human sensory experiences and machine 

capabilities, and paving the way for more interactive and effective human-robot 

collaborations. 
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Chapter 3  

 

Experimental Methodology  

 

This chapter outlines the experimental methodology employed in the 

development and analysis of tactile sensors. The rationale for selecting 

piezoelectric materials and pressure sensing technologies is detailed, 

highlighting the advantages in achieving high sensitivity and 

responsiveness in tactile applications. The construction of tactile sensors 

is elaborated, focusing on the integration of substrates, electrodes, and 

functional materials to optimize performance. Mechanical simulation 

techniques are utilized to model the sensor's behavior under various 

conditions, providing insights into its structural and functional 

properties. Data acquisition methods for multi-channel sensor arrays 

are discussed, emphasizing the importance of accurate and efficient data 

collection for real-time processing. Additionally, the chapter explores the 

use of SVM for classification tasks, demonstrating how SVMs can 

effectively differentiate between various tactile stimuli, thereby 

enhancing the sensor's ability to provide precise and reliable feedback. 

This comprehensive methodology sets the foundation for the 

development of advanced tactile sensing systems. 
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3.1 Rationale for mechanisms and materials selection 

 

Piezoelectric materials are chosen for their ability to convert mechanical stress into 

electrical signals rapidly[1, 2]. This fast response is crucial for applications requiring real-

time data acquisition and processing, such as dynamic force sensing and texture 

discrimination. The instantaneous generation of electrical signals upon deformation allows 

for precise detection and measurement of mechanical changes (vibration, bending, pressure, 

and strain), making them ideal for tactile sensors. 

 

Polyvinylidene fluoride (PVDF) is selected for its flexibility, which is important in 

applications where the sensor needs to conform to complex surfaces or move without 

damaging the material[3-5]. Additionally, PVDF is compatible with the deposition of gold 

electrodes, which can be easily fabricated through processes like thermal evaporation or 

sputtering. The combination of PVDF and gold electrodes provides a robust and reliable 

system for capturing piezoelectric signals, while the flexibility of PVDF enhances the 

durability and versatility of the sensor. 

 

Piezoresistive films are chosen for their straightforward processing and integration 

capabilities. These films change their electrical resistance in response to applied pressure, 

making them effective for measuring static and quasi-static forces. The simplicity of 

processing, such as printing or coating techniques, allows for easy fabrication and 

integration into various substrates and devices[6, 7]. This ease of processing also supports 

scalable manufacturing, making it practical for producing pressure-sensitive components. 

 

A pressure sensing array is implemented to provide spatial resolution and detect pressure 

distribution across a surface. This array can measure variations in pressure at different 

points, enabling detailed mapping of pressure profiles and tactile information[8, 9]. The use 

of a pressure sensing array enhances the ability to capture complex interactions with 

surfaces, which is essential for applications in robotics, medical diagnostics, and tactile 

interfaces. The array configuration allows for comprehensive data collection, improving 

the accuracy and effectiveness of the sensing system. 
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Support Vector Machines (SVM) were chosen for the classification task due to their 

effectiveness in high-dimensional spaces and their ability to handle both linear and non-

linear data through the use of kernel functions[10]. SVMs are particularly well-suited for 

situations where the number of features is greater than the number of samples, as they focus 

on maximizing the margin between classes, which often leads to better generalization on 

unseen data. Additionally, SVMs are less prone to overfitting, especially in cases with 

limited training data, due to their emphasis on the most informative data points, known as 

support vectors. In contrast, neural networks, while powerful, often require large amounts 

of data and extensive tuning of hyperparameters, such as learning rates and network 

architecture, to perform well. They can also be computationally intensive and time-

consuming to train, which might not be feasible in scenarios with limited resources[11]. 

 

3.2 Constructions of tactile sensors 

 

Tactile sensing systems are designed to mimic the human sense of touch, enabling 

machines and devices to perceive and interact with their environment through tactile 

feedback. The construction of these systems involves a careful selection of substrates, 

electrodes, and functional materials, each playing a crucial role in the sensor's performance, 

which were reviewed in Figure 3.1. Substrates provide the foundational structure, ranging 

from rigid inorganic materials to flexible organic options, influencing the sensor's 

durability and adaptability. Electrodes, which can be metal, semiconductor, or gel-based, 

are essential for transmitting electrical signals corresponding to tactile stimuli. Functional 

materials, such as piezoresistive, capacitive, and piezoelectric layers, are critical in 

converting mechanical stimuli into measurable electrical signals[12]. Together, these 

components create sophisticated tactile sensors capable of high sensitivity, resolution, and 

reliability, enabling applications in fields like robotics, healthcare, and consumer 

electronics. 

 

The construction of tactile sensors involves using various substrates, including inorganic 

materials, hard organic materials, and soft organic materials. Garner et al. introduced ultra-
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slim flexible glass substrates (≤200 μm thick), which are ideal for high-quality and long-

lasting displays (Figure 3.1a)[13]. Qiu et al. developed a bimodal tactile sensor that captures 

multidimensional static and dynamic stimuli, quantifying both softness and texture features. 

This sensor enables robotic manipulators to identify delicate objects with high accuracy 

and stability (Figure 3.1b)[14]. Tan et al. designed a soft tactile sensor using a sinusoidally 

magnetized flexible film, which allows for precise measurement of normal and shear forces. 

This design enhances robots' abilities to handle fragile objects and perform complex tasks  

(Figure 3.1c)[15].  

 

The electrodes used in tactile sensors include metal, semiconductor, and gel types[16]. Peng 

et al. reported a breathable, biodegradable, and antibacterial e-skin based on all-nanofiber 

triboelectric nanogenerators, utilizing silver nanowire (Ag NW) between polylactic-co-

glycolic acid (PLGA) and polyvinyl alcohol (PVA). This e-skin offers high sensitivity and 

is suitable for real-time physiological monitoring (Figure 3.1d)[17]. Yang et al. developed 

an air-permeable and washable triboelectric nanogenerator using multiwalled carbon 

nanotube-coated air-laid paper electrodes, which are flexible, durable, and comfortable for 

wearable applications (Figure 3.1e)[18]. Another study by Yang et al. introduced a 

triboelectric nanogenerator with PVA/PA hydrogel for self-powered human-machine 

interface sensing, featuring excellent mechanical and electrical properties (Figure 3.1f)[19]. 

 

The functional materials in tactile sensors often include piezoresistive, capacitive, and 

piezoelectric/triboelectric layers[20]. Tan et al. created a stretchable strain sensor with 

superior thermal management capabilities, combining high stretchability, sensitivity, and 

thermal conductivity (Figure 3.1g)[21]. Ge et al. developed bifunctional electronic skins 

with a compliant magnetic microelectromechanical system, capable of distinguishing 

tactile and touchless interactions (Figure 3.1h)[22]. Kim et al. utilized a kirigami design with 

PVDF film to fabricate a stretchable strain sensor, optimizing its performance through 

finite element analysis (Figure 3.1i)[23]. 

 

The future design of tactile sensors should focus on enhancing multifunctionality, 

sensitivity, and durability. Advancements in substrate materials, such as flexible and 
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biodegradable options, will support the development of eco-friendly and wearable tactile 

systems. Innovations in electrode materials, particularly those offering breathability and 

flexibility, will further enhance the user comfort and functionality of these devices. The 

integration of advanced functional materials, like piezoelectric and triboelectric layers, will 

allow for more accurate and diverse sensory feedback[24]. Additionally, optimizing the 

design through computational methods, such as finite element analysis, will ensure that 

sensors are not only well performing but also customizable for specific applications[25, 26]. 

The development of tactile sensors will continue to benefit fields such as robotics, 

healthcare, and wearable technology, providing more nuanced and reliable sensory 

interactions. 



Experimental methodology                                          Chapter 3 

44 

 

 

Figure 3.1 Common construction of tactile sensors. Substates. (a) Ultra-slim glass 

substrates. Reproduced with permission from ref.[13]. Copyright 2012 John Wiley and Sons. 

(b) PET/PI substrates. Reproduced with permission from ref.[14]. Copyright 2020 Elsevier. 

(c) PDMS substrates. Electrodes. Reproduced with permission from ref.[15]. Copyright 

2021 American Association for the Advancement of Science (d)Ag nanowires. 

Reproduced with permission from ref.[17]. Copyright 2020 American Association for the 

Advancement of Science (e) MWCNTs. Reproduced with permission from ref.[18]. 

Copyright 2018 Wiley. (f) Hydrogel. Functional materials. Reproduced with permission 

from ref.[19]. Copyright 2022 Elsevier. (g) Piezoresistive layer. Reproduced with 
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permission from ref.[21]. Copyright 2020 Springer Nature. (h) capacitive layer. Reproduced 

with permission from ref.[22]. Copyright 2019 Springer Nature. (i) 

Piezoelectric/triboelectric layer. Reproduced with permission from ref.[23]. Copyright 2022 

Springer Nature. 

 

3.3 Mechanical simulation 

 

Understanding the piezoelectric properties of materials through mechanical simulations is 

crucial for optimizing the design and functionality of devices that rely on these properties. 

Piezoelectric materials, which generate an electric charge in response to mechanical stress, 

are used in a wide range of applications including sensors, actuators, and energy harvesters. 

Mechanical simulations allow for the detailed analysis of how these materials behave under 

different conditions, such as varying stress or electric fields. By simulating piezoelectric 

properties, engineers and researchers can predict the performance of these materials, 

identify potential issues, and design devices that maximize efficiency and reliability. The 

cantilever beam structure is a prevalent design for piezoelectric devices because its simple 

configuration effectively leverages the piezoelectric effect to convert mechanical stress into 

electrical signals, making it ideal for applications requiring precise force or vibration 

sensing. 

 

To simulate a piezoelectric cantilever beam using COMSOL Multiphysics, start by 

establishing a detailed finite element model (as shown in Figure 3.2a). Begin by defining 

the geometry of the cantilever beam using COMSOL’s geometry tools, either in 2D or 3D 

based on your design requirements. Accurately specify the beam’s dimensions to reflect 

the actual physical characteristics[27]. Assign material properties to the beam by selecting a 

suitable piezoelectric material from COMSOL's library or by defining custom properties. 

These properties should include piezoelectric constants, Young’s modulus, and density, 

which are crucial for accurately modeling the piezoelectric behavior. 

 

In the physics setup, use the Piezoelectric Devices physics interface to couple the 

mechanical and electrical fields. This interface is essential because the piezoelectric effect 
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involves an interaction between mechanical deformation and electrical fields. Configure 

boundary conditions appropriately: for a cantilever beam, fix one end to simulate the 

anchored side while leaving the other end free. If the simulation involves electrodes, define 

their positions and apply the necessary electrical potentials[28]. This setup allows the 

simulation to accurately represent how electrical and mechanical effects interact in the 

beam. Then, define the frequency range of interest to capture the resonance characteristics 

of the cantilever beam (Figure 3.2b). Run the simulation to compute the natural frequencies 

and mode shapes, which reveal the beam’s resonant behavior and performance. 

 

After running the simulation, utilize COMSOL’s post-processing tools to visualize and 

interpret the results. Plot the deformation of the beam, the distribution of electric fields, 

and the resonance modes to gain insights into the beam’s behavior. Extract critical data 

such as resonance frequencies, voltage outputs, and mechanical strain, which are valuable 

for evaluating the performance and optimizing the design of the piezoelectric cantilever 

beam. This comprehensive approach allows for a detailed understanding of the beam's 

mechanical and electrical interactions, supporting effective design and application. 
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Figure 3.2 Simulation results of cantilever beam using COMSOL Multiphysics 

simulation. (a) Finite element model of piezoelectric cantilever beam. Reproduced with 

permission from ref.[29]. Copyright 2024 Elsevier. (b) The eigenfrequency of the 1st, 2nd, 

and 3rd-order resonance mode with COMSOL Multiphysics simulation. Reproduced with 

permission from ref.[30]. Copyright 2021 Wiley. 

 

3.4 Data acquisition of multi-channel sensor arrays 

 

Artificial tactile sensors are designed to replicate some fundamental functions of the 

biological tactile system, such as texture detection, shape discrimination, and assessing the 

force required for a correct grasp. These sensors find extensive applications in robotics, 

ergonomics, and rehabilitation, where the task often involves measuring the normal 

components of force with sufficient spatial resolution. Various types of sensors, including 

resistive, capacitive, strain gauge, and others, have been proposed for these tasks. Among 

them, piezoresistive sensors (PRS), also known as Force Sensing Resistors (FSR), are 

particularly popular. PRS sensors can be easily fabricated as discrete sensors or as arrays 

with millimeter-level resolution[31, 32]. These sensors operate based on a conductive 

polymer placed between a film conductive grid. When the sensor is pressed, the resistance 

of the polymer-grid changes, and an electronic circuit measures the voltage drop across (or 

the current through) this resistance. With appropriate calibration, the applied force can be 

determined. 

 

Despite their widespread use, PRS sensors have some limitations due to their transduction 

mechanism, including issues like non-linearity, hysteresis, and creep. These challenges 

have been widely discussed in the literature. Furthermore, when using sensor arrays, 

additional factors such as crosstalk between adjacent elements must be considered. 

Crosstalk occurs due to parasitic parallel paths that can alter the resistance reading when 

attempting to measure the voltage corresponding to a taxel (tactile pixel)[33]. While some 

circuits have been proposed to mitigate this issue, they are often presented in a very 

schematic manner without thoroughly examining the errors introduced by the electronics. 



Experimental methodology                                          Chapter 3 

48 

 

Moreover, a comprehensive comparative evaluation of the performance of these various 

circuits is still lacking.  

 

When attempting to read the value of a resistor 𝑅𝑖𝑗 in a piezoresistive sensor array, parasitic 

paths of varying lengths and resistances can interfere, causing errors in the voltage reading 

and, consequently, the measurement of the force acting on 𝑅𝑖𝑗 (shown in Figure 3.3). For 

example, a parasitic path composed of the resistances 𝑅𝑖𝑚, 𝑅𝑠𝑚, and 𝑅𝑠𝑗 in series can 

appear in parallel with 𝑅𝑖𝑗. This interference can distort the sensor's output. In the case of 

sensors constructed from a single polymer sheet, additional parasitic paths can arise due to 

the bulk conductivity of the sheet. These are represented by the parasitic resistances 

𝑅𝑖𝑠=𝑅𝑟𝑟 and 𝑅𝑗𝑚=𝑅𝑐𝑐, which correspond to row–row and column–column couplings, 

respectively. These parasitic effects can significantly impact the accuracy of the readings 

and need to be carefully considered in the design and analysis of sensor arrays. 

 

Figure 3.3 Schematic diagrams of matrix with parasitic path. (a) Crossover circuits, and 

(b) equivalent circuits. The blue path is the intended path, and the orange path is the 

parasitic path. Reproduced with permission from ref.[34]. Copyright 1999 Elsevier. 

 

The proposed circuits for scanning piezoresistive arrays can be categorized into two main 

types: those that counteract crosstalk using a feedback loop[35, 36] and those that employ 

grounding (Figure 3.4)[37, 38]. In Circuit A, multiplexers (mux1 and mux3) connect the 

resistor 𝑅𝑖𝑗 in a partition circuit comprising 𝑉𝑐𝑐, 𝑅𝑝, 𝑅mux1 (the on-resistance of mux1), 

𝑅𝑖𝑗, buffer 𝑖, and mux3, with the output voltage 𝑉out being read through mux2 and buffer 

1. Crosstalk effects are mitigated by the feedback loop formed by the buffers on the rows 
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and the switches on the columns. The buffers apply the output voltage to all rows except 

row 𝑖, while the switches connect the non-active columns to 𝑉out, ensuring that all the 

terminals of the array's resistors, other than 𝑅𝑖𝑗, are at the same potential, ideally preventing 

any current from flowing through them. 

 

Another circuit that uses feedback, outlined in previous studies, inserts buffers on both the 

inactive rows and columns. A slightly modified version of this circuit, referred to as Circuit 

B, incorporates both the double multiplexer feature (which compensates for the switch 

resistance, as in Circuit A) and buffers on both rows and columns. This configuration 

enhances performance compared to the previous circuits, albeit at the cost of increased 

electronic complexity. 

 

Circuit C utilizes amplifiers for reading and eliminates crosstalk by inserting a buffer on 

every column and a trans-resistance amplifier on every row. This setup imposes a near-zero 

potential difference across the non-active elements, effectively countering the influence of 

parasitic paths and the resistances 𝑅rr and 𝑅cc. This method ensures more accurate readings 

by minimizing the interference from unwanted electrical paths in the piezoresistive array. 

 

Figure 3.4 Schematic diagrams of reading circuit designs for countering parasitic 

resistance. (a) Circuit A with feedback design. Buffers and a switch are used to apply the 

output voltage to the rows and columns, respectively, to counteract crosstalk and the effects 

of row-row and column-column couplings (Rrr and Rcc). (b) Circuit B with feedback 

design. Each row is powered by a constant voltage source through independent buffers. (c) 

Circuit C with grounding design. This circuit is similar to Circuit A, but it counteracts 
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crosstalk by inserting buffers on both the rows and columns. Reproduced with permission 

from ref.[34]. Copyright 1999 Elsevier. 

 

 

3.5 Support Vector Machine (SVM) for classification task 

 

SVMs are highly efficient for handling high-dimensional, heterogeneous, and sparsely 

labeled datasets, making them versatile for various applications[39-41]. As a maximum 

margin classifier, the SVM decision function is defined by a hyperplane that maximally 

separates samples from different classes[42]. The typical process for utilizing SVM involves 

several steps: first, normalizing the sample data; second, applying a kernel function to map 

the samples, with commonly used kernels being the Radial Basis Function (RBF) and linear 

kernels. Linear kernels are particularly effective for linearly separable data; third, 

optimizing the hyperparameters using cross-validation and grid search; fourth, training the 

model with the optimal parameters; and finally, testing the model. Figure 3.1d illustrates a 

conceptual representation of Support Vector Machines (SVM). In Figure 3.5, 

multidimensional data is mapped into a two-dimensional space, where a line, or decision 

boundary, is drawn to fully separate data points belonging to different classes. 

 

Figure 3.5 A schematic diagram of 2D classification by SVM. Finding a line can 

completely separate all input points. 

 

The standard formulation of SVM defines it as a maximum margin classifier, meaning it is 

a classifier whose decision function is a hyperplane that maximally separates samples from 
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different classes. Notationally, given a labeled training data set, and given a nonlinear 

mapping 𝜙(⋅), the SVM method solves the following optimization problem[43]: 

 

𝑚𝑖𝑛
1

2
‖w‖2 +𝐶 ∑ ξi

𝑚

𝑖=1

 

 

subject to the constraints: 

 

𝑦𝑖(ω𝑇𝜙(𝑥𝑖) + 𝑏) ≥ 1 − ξi            for i = 1, 2, … , m 

 𝜉𝑖 > 0                                                for i = 1, 2, … , m 

 

where w and b define a linear classifier in ℝ𝑁 since xi are in ℝ𝑁, and 𝜉𝑖 are positive 

slack variables that allow for handling permissible errors. The minimization functional 

includes two terms with distinct meanings: the first term, 
1

2
‖𝜔‖2, aims to minimize the 

norm of the model weights, which is equivalent to maximizing the margin (the separation 

between classes). The second term, 𝐶 ∑ 𝜉𝑖
𝑚
𝑖=1 , seeks to minimize the errors committed 

during classification. One could simply maximize the margin without considering the 

committed errors, leading to the concept of a maximum margin SVM. However, by 

incorporating the slack variables𝜉𝑖, the problem is relaxed, resulting in what is known as 

the soft-margin SVM. This version of SVM strikes a balance between minimizing training 

errors and maximizing the margin, providing a more flexible and robust classification 

approach. 

 

The SVM algorithm has several advantages: it can be used for classification (both binary 

and multi-class), regression, and outlier detection. It also exhibits strong robustness and 

generalization ability for unknown data, particularly when the dataset is small, where it 

often outperforms other traditional machine learning algorithms. 
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Chapter 4  

 

A piezoelectric tactile sensor for in-situ measurement of 

micro-scale surface profile 

 

Tactile perception is vital for detecting surface textures through touch, 

yet biological systems are limited to qualitative texture identification. 

This study introduces a piezoelectric tactile sensor with piezoelectric 

vibration sensors. The sensor converts surface vibrations into voltage 

signals, enabling quantitative analysis of texture features like grating 

width and depth. Unlike traditional systems, this piezoelectric tactile 

sensor provides detailed in-situ morphology characterization without 

the need for controlled speed or force. It can be integrated into robotic 

hands for real-time, three-dimensional texture reconstruction, 

advancing applications in soft robotics and human-machine 

interactions. 

 

 

 

 

___________________ 

*This section was published substantially as: 

Jiaqi Tu, Zheren Cai, Zhihua Liu, Jiangtao Su, Yanzhen Li, Xue Feng, Zequn Cui, Xiaodong 

Chen. Quantitative Tactile Sensing of Surface Microstructures Through Time-Domain 

Analysis of Piezoelectric Twin Signals. Advanced Materials e10393 (2025). DOI: 

10.1002/adma.202510393. (Reprinted with permission from Wiley-VCH)  

https://doi-org.remotexs.ntu.edu.sg/10.1002/adma.202510393
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4.1 Introduction 

 

Tactile perception plays an essential role in everyday life when we interact with the 

physical world. Multiple types of information are detected through touch and transmitted 

into our central nervous systems, generating the sense of touch[1]. As an essential part of 

tactile perception, texture perception extracts morphology, roughness, and hardness 

information during object manipulation. Fingertips can distinguish coarse and finer 

textures. The perception of coarse textures (with features of lateral dimensions more than 

about 200 μm) relies on spatial variations of the finger/substrate contact stress field and is 

mediated by the slowly adapting mechanoreceptors. To sense finer textures (<200 μm), 

fingers need to slide over surfaces where cutaneous vibrations are thus generated. These 

vibrations are intensively encoded, principally by Pacinian fibers[2]. Among the four 

embedding mechanoreceptors (slow-adapting receptors SA-I and -II and fast-adapting 

receptors FA-I and -II), the FA-I and -II contribute to dynamic force sensing (5-400 Hz) 

which is important for texture discrimination[3, 4]. However, the biological texture sensing 

is only a qualitative description of object features and shows low spatial resolution (0.94 

mm on fingers), restricted by low receptor density (1 mm2 on fingers) and a limited 

frequency response range[5-7]. Beyond biological sensing ability, artificial tactile sensory 

systems that can achieve quantitative morphology characterization will be of great use in 

emerging soft robotics, human–machine interactions, and tactile recreation. 

 

To achieve the perception of dynamic force sensing for texture discrimination, tactile 

sensors based on piezoresistive[8-10], capacitive[11-13], triboelectric[14], and piezoelectric[15] 

mechanisms are commonly used to convert tactile information into electrical signals. 

Hysteresis of sensor responses limits the acquisition of morphology information. Therefore, 

flexible piezoelectric and triboelectric tactile sensors stand out with the advantage of fast 

response and low hysteresis for dynamic force. However, most of the current dynamic force 

sensing systems can only attain qualitative texture discrimination[15, 16]. They are trained 

through machine learning-based frequency feature extraction for distinguishing several 

objects with different roughness. Moreover, seldom research focused on wearability for 

texture perception under random sliding speed. Most roughness detection systems can only 
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achieve texture sensing under a fixed sliding system[17]. It remains a challenge to realize 

quantitative texture identification while testing without steady speed and force. 

 

Herein, we present a piezoelectric tactile sensor consisting of two piezoelectric vibration 

sensors for quantitative morphology characterization. Two parallel polyethylene glycol 

terephthalate (PET) tips with fixed spacing are integrated into three-dimension (3D) printed 

structural materials. Flexible piezoelectric polyvinylidene difluoride (PVDF) films mount 

on the PET tips. PET tips will bend and recover while sliding the artificial fingertip over 

uneven surfaces. In the meantime, piezoelectric PVDF films on the tips transform 

vibrations into voltage signals. Two- tips design enables the identification of instantaneous 

speed. By correlating voltage signals with the actual moving condition and the calculated 

instantaneous speed, the time-domain information indicates the groove width, bar width, 

and groove depth of the grating texture. Therefore, the artificial fingertip can be worn on 

fingers and generates micro-scale morphology information. Three-dimensional (3D) 

morphology information can be obtained from multiple slides. The artificial fingertip was 

further integrated into a robotic hand. A 3D reconstruction of a fine micro-scale pattern 

was generated through a quick sweep in real-time. 

 

4.2 Experimental methods 

 

4.2.1 Deposition of gold electrodes on piezoelectric materials 

 

First, a 100 μm PET sheet (transparency film, 3M) is laser-cut into masks using a 

PLS6.150D laser cutter (UNIVERSAL) with a 150W power output. These masks are then 

placed onto polarized PVDF films (28 μm, PolyK FlexQ Piezo PVDF). Following this, a 

thermal deposition process is carried out to laminate both sides of the PVDF films with 

electrodes (Figure 4.1). This process is performed using a thermal deposition system 

(Nano36, Kurt J Lesker), with the parameters set to deposit 5 nm of chromium (Cr) and 65 

nm of gold (Au).  
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4.2.2 Fabrication of single piezoelectric tactile sensor 

 

The polarized PVDF films with Cr/Au electrodes are securely adhered to a PET substrate 

layer using fast-drying glue (53573, Deili). The PET substrate layer is laser-cut into an 

arrow shape to precisely match the design specifications. Subsequently, another PET 

encapsulation layer, also fabricated by laser cutting, is adhered over the PVDF films on the 

PET substrate, as illustrated in Figure 4.1. Two copper wires are connected to the setup to 

enable the measurement of the piezoelectric voltage generated when the film is deformed. 

 

 

Figure 4.1 Fabrication processes of a single piezoelectric vibration sensor. 

 

4.2.3 Fabrication for piezoresistive tactile sensors using 3D-printing  

 

A 3D-printing structure was designed in Solidwork 2020 and then printed using Vero Clear 

(3D-printing materials) using a light-curing 3D printer (Stratasys, Objet260 Connex3). 

This 3D-printing structure has two grooves with a thickness of 0.35 mm and a spacing of 

1.6 mm, so that two piezoelectric vibration sensors can be directly inserted into them. The 

construction of piezoelectric tactile sensor is shown in Figure 4.3a. 
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4.2.4 Fabrication of grating-structures for texture testing by photolithograph 

technology 

 

SU-8 is commonly used negative photoresists in microfabrication, particularly for creating 

accurate microstructures with varying thicknesses. Therefore, SU-8 2007, 2030, 2075 

(Kayaku) are elected to obtain rigid structures with different thickness and micro-patterns. 

The different serial numbers stand for the appropriate thickness. The lithographic process 

for fabricating SU-8 structures involves several key steps, which can be adjusted to achieve 

different thicknesses: 1. Cleaning: Clean the silicon wafer with acetone (C3H6O, Sigma-

Aldrich) to remove any contaminants, which could affect the adhesion and quality of the 

SU-8 layer. 2. Spinning. Dispense SU-8 photoresist onto the substrate and spin at 500 rpm 

for 5-10 seconds with acceleration of 100 rpm/second, then spin at 2000 rpm for 30 seconds 

with acceleration of 300 rpm/second. 3. Soft baking. The recommended Soft Bake 

temperatures and times for the various SU-8 2000 products at selected film thicknesses. 

For examples, thickness of 3-5 nm requires 2 minutes of soft baking at 95°C and thickness 

of 26-40 nm requires 5 minutes of soft baking at 95°C. 4. Exposing. Align a photomask 

with the desired pattern over the substrate and expose the SU-8 to UV light for 10 seconds. 

6. Post baking. Bake the exposed SU-8 layer on a hotplate to further cross-link the 

photoresist. The temperature and duration again depend on the thickness and specific SU-

8 formulation. For examples, thickness of 3-5 nm requires 3 minutes of soft baking at 95°C 

and thickness of 26-40 nm requires 6 minutes of soft baking at 95°C. 7. Development. 

Immerse the substrate in a SU-8 developer solution for 2 min and followed by washing 

with acetone and ethanol. 8. Hard baking. Perform a final bake of 5 min under 200°C to 

further harden the SU-8 structures and enhance their mechanical properties. 

 

4.2.5 Electrical characterization of piezoelectric tactile sensors and texture sensing 

systems 

 

To set up the system, the two ends of the counter electrode of the piezoelectric vibration 

sensor are connected to the oscilloscope (MSO54, Tektronix) using copper wires. One end 

is connected to the positive terminal, and the other to the ground. This oscilloscope can 
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detect high-frequency voltage signals up to 500 MHz. For the piezoelectric tactile sensor, 

the two vibration sensors are connected to two separate channels on the oscilloscope, 

enabling dual-channel simultaneous detection. This setup allows for accurate, real-time 

quantitative texture sensing. 

 

4.2.6 Calibration of 2D information testing by surface profiler 

 

To operate the surface profiler (Alpha-Step D600) for measuring the thickness and 2D 

profile of grating structures on silicon wafers, start by calibrating the device for 

micrometer-scale resolution. Place the wafer on the stage and set the scanning speed to 0.2 

mm/s. The stylus mode is set to up-and-down mode. The sweeping range is set to 3 mm. 

Perform thickness measurements by lowering the stylus onto the wafer's surface and 

recording the height profile. For 2D scanning, move the stylus across the wafer to capture 

detailed profile data. After the 2D information is generated, baseline smoothing is 

performed though machine’s software. 

 

4.3 Results and discussion 

 

4.3.1 Characterization of the electrical response of piezoelectric tactile sensors 

 

The concept of vibration-induced quantitative texture sensing is inspired by the behavior 

of a cantilever beam. In this context, consider a rigid sheet acting as a cantilever beam with 

a piezoelectric layer attached. The rigid sheet is initially bent to a specific angle and then 

released, allowing it to vibrate freely until it comes to a stop, as illustrated in Figure 4.2a. 

The resulting changes in piezoelectric voltage over time manifest as a gradually decaying 

sine wave. Notably, the left side of the y-axis at the end of the cantilever beam also exhibits 

a gradually decaying sine wave over time. This synchronized trend indicates that the 

piezoelectric film on the cantilever beam can be used to quantitatively calibrate the beam's 

degree of deformation by measuring the instantaneous voltage. This phenomenon is crucial 

in the design of piezoelectric tactile sensor. Furthermore, it has been observed that the 

bending direction of the cantilever beam influences the polarity of the induced voltage, 
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with different bending directions producing distinct positive or negative voltages. 

Consequently, the direction of force deformation of the beam can be determined by 

analyzing the polarity of the induced voltages. 

 

Figure 4.2 Principal support for vibration-induced quantitative texture sensing. (a) a 

schematic cantilever beams for force sensing. (b) Simulation results of vibration and 

generated voltage results. 

 

The configuration of the piezoelectric tactile sensor is illustrated in Figure 4.3a. The system 

includes a single vibration sensor, which consists of a piezoelectric PVDF film with 

counter Au/Cr electrodes, adhered to 100 μm PET films. Two of these vibration sensors 

are embedded within a 3D-printed structure, spaced 1.6 mm apart. The overlapping area of 

the two counter electrodes at the piezoelectric tactile sensor tip measures 16 cm², as 

depicted in Figure 4.3b. The 3D-printed structure is designed with a 75-degree incline at 

the base, ensuring that the tips of the two piezoelectric vibration sensors make simultaneous 

contact with the testing surface. This configuration allows for precise vibration sensing and 

feedback. Additionally, these piezoelectric vibration sensors can be integrated into finger-

like 3D-printed structural materials, as shown in Figure 4.3e, further enhancing the 

system's versatility and application potential. 
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Figure 4.3 Configuration of the piezoelectric tactile sensor. (a) A schematic structure 

of piezoelectric tactile sensor. (b) Picture of top view of a single piezoelectric vibration 

sensor. The scale bar is 4 mm (c) Picture of side view of the piezoelectric tactile sensor. 

The scale bar is 4 mm (d) The second schematic structure of piezoelectric tactile sensor 

showing the parallel distribution of vibration sensors. (e) Picture of side of a 3D printed 

structural materials integrated with vibration sensors. 

 

Photolithography was employed to fabricate grating textures using SU-8, a negative 

photoresist. The process involved varying the spinning speed to achieve different grating 

parameters. Three key parameters were controlled: width, distance, and thickness of the 

grating textures. To tune the thickness of the grating textures, different concentrations of 

SU-8 and spinning speeds were utilized. The width and distance of the grating lines were 

adjusted using various masking templates. The samples were designed to explore different 

configurations, including varying the width while keeping the distance constant, varying 

the distance with a constant width, and varying the thickness while maintaining the same 

distance and width. This systematic variation allowed for the creation of a diverse range of 

grating textures, enabling detailed analysis and optimization of the desired properties for 

quantitative texture sensing. 
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Figure 4.4 Grating textures based on photolithography. (a) Schematic side view image 

of grating-textures. t is thickness of the textures. d1 is the width of the textures. d2 is the 

distance of the textures. (b) Picture of side view of grating-textures on a silicon wafer. 

Optical images of different grating textures with different width and distance. (c) d1 = 50 

μm. d2 = 400 μm. (d) d1 = 100 μm. d2 = 400 μm. (e) d1 = 200 μm. d2 = 400 μm. (f) d1 = 600 

μm. d2 = 400 μm. The scale bar is 200 μm. 

 

The primary mechanism for quantitative texture sensing in this system leverages the 

properties of piezoelectric materials, known for their fast and high-frequency response 

capabilities. Piezoelectric materials generate an instantaneous voltage when subjected to 

dynamic forces, making them ideal for dynamic force sensing applications, even though 

they may not be optimal for continuous monitoring. As the vibration sensor slides across a 

grating texture, the piezoelectric film generates a voltage peak. When the sensor moves 

away from the texture, an opposite voltage peak is produced. The time interval between 

these two peaks, along with the peak amplitude, is crucial for dynamic force sensing. This 
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setup allows for precise measurement and analysis of surface textures. An example of the 

voltage signals generated by one channel of the tactile sensor when gliding over a grating 

texture with dimensions d1 = 100 μm and d2 = 300 μm at a speed of 10 mm/s is shown in 

Figure 4.5b. A close-up view of these signals is provided in Figure 4.5c. For calibration 

purposes, the construction of a 3-axis moving platform is depicted in Figure 4.5d, 

facilitating accurate sensor calibration and ensuring reliable data acquisition. 

 

 

Figure 4.5 Response of the piezoelectric vibration sensor on piezoelectric tactile sensor. 

(a) Mechanism of dynamic force sensing. (b) Piezoelectric voltage signals while gliding 

over a grating-texture (d1 = 600 μm. d2 = 400 μm) under speed of 25 mm/s. (c) Zoom-in 
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figure of voltage signals. (d) Picture of a 3-axis moving platform. 

 

A surface profiler (Alpha-Step D600) is used for dimensional calibration, providing height 

information at the micrometer scale. For example, the profiler measures the 2D information 

of grating structures on silicon wafers (d1 = 200 μm, d2 = 400 μm) at a speed of 0.2 mm/s 

(Figure 4.6). However, the scanning speed of the stylus profiler is limited, ranging from 

0.01 to 0.4 mm/s, which makes it challenging to quickly acquire comprehensive 2D or 3D 

surface information. Additionally, at distances around 0.2 mm and 0.4 mm, the edge 

information collected by the surface profiler tends to be blurry, limiting its precision in 

these regions. 

 

Figure 4.6 Thickness and 2D scanning of surface profiler (Alpha-Step D600). The 2D 

information of grating-structures on silicon wafers (d1 = 200 μm. d2 = 400 μm) under speed 

of 0.2 mm/s.  

 

The mechanism of quantitative texture sensing involves analyzing the width and distance 

dimensions of surface textures. The corresponding movements of the vibration sensor and 

the resulting piezoelectric voltage signals are illustrated in Figure 4.7. A side view of the 

sensor's movement clearly delineates the stages of interaction between the sensor tip and 

the grating. State A represents the initial stage where the sensor tip is not in contact with 

the grating. As the sensor moves, the tip begins to deform upon contact, initiating at state 

B. By state C, the tip is fully in contact with the grating, and the deformation ceases. At 

this point, the piezoelectric voltage reaches its peak and begins to decline as the sensor 

continues to move. As the sensor approaches state E, the tip starts to lift off the grating. 

Upon complete separation at state F, there is a sudden deformation of the tip, leading to a 



A tactile sensor for in-situ measuring surface profile Chapter 4 

66 

 

pronounced voltage peak known as Peak F. This peak is characterized by high amplitude 

due to the abrupt nature of the deformation. Additionally, the system exhibits a 

phenomenon of damped vibration, where the amplitude of the voltage signal gradually 

decreases over time. This attenuation is caused by factors such as friction, medium 

resistance, and other forms of energy dissipation within the vibration system. This detailed 

analysis of the sensor's movement and the resulting piezoelectric response provides 

valuable insights into the texture characteristics of the surface, allowing for precise 

quantitative texture sensing. 

 

Figure 4.7  Mechanism of quantitative texture sensing on the dimension of width and 

distance. The inserted optical image shows the parameters of the tested grating-textures 

(d1 = 200 μm and d2 = 400 μm). The scale bar is 200 μm. 

 

The piezoelectric tactile sensor was employed to detect an unknown grating texture. The 

piezoelectric voltage signals recorded while the sensor glided over this texture are 

presented in Figure 4.8a, with the sensor tip moving at a constant speed of 25 mm/s. From 

the voltage signals, the time intervals corresponding to the grating features were extracted: 

D1F = 0.02391s and FD2 = 0.01612s. Using these intervals, the dimensions of the grating 

were calculated as follows: the width (d1) was determined to be 597.5 μm, and the distance 
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(d2) between features was calculated as 403.0 μm. For comparison, the actual dimensions 

were measured to be d1 = 602.051 μm and d2 = 393.657 μm, yielding errors of only 0.75% 

and 2.5%, respectively. This high degree of accuracy demonstrates the piezoelectric tactile 

sensor's capability for quantitative texture sensing, allowing for precise distinction and 

measurement of width and distance in grating textures. The system's ability to accurately 

detect and quantify these parameters highlights its potential for detailed surface 

characterization in various applications. 

 

Figure 4.8 Quantitative texture sensing test on unknown grating parameters. (a) 

Piezoelectric voltage signals while gliding over an unknown grating-texture. (b) Optical 

image of the unknown grating-texture showing the actual width and distance. 

 

Piezoelectric voltage signals were analyzed while the vibration sensors glided over a 

grating texture with dimensions d1 = 100 μm and d2 = 300 μm at different speeds: 5 mm/s, 

20 mm/s, and 30 mm/s. As shown in Figure 4.9, it was observed that the amplitude of Peak 

F, generated when the sensor tips leave the grating, remains constant regardless of the 

speed increase from 5 mm/s to 30 mm/s. This indicates a time-independent phenomenon 

for Peak F, suggesting that this aspect of the sensor's response is unaffected by the rate of 

movement. In contrast, the amplitude of Peak C, which corresponds to state C where the 

sensor tips are fully in contact with the grating, increases with higher speeds. This 

correlation between speed and amplitude at Peak C demonstrates that the dynamic response 

of the piezoelectric sensors is sensitive to changes in the speed of movement, likely due to 

the increased force exerted on the sensors at higher velocities. This differential response to 

speed highlights the complex interaction between the sensor and the grating texture, which 
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requires further explanation from the aspect of piezoelectric mechanisms. 

 

Figure 4.9   Piezoelectric voltage signals while gliding over a grating-texture (d1 = 100 

μm. d2 = 300 μm) under different speed: (a) 5 mm/s. (b) 20 mm/s. (c) 30 mm/s. 

 

The simplified equivalent circuit of a single piezoelectric vibration sensor in the 

piezoelectric tactile sensor is illustrated in Figure 4.10a. In this model, the piezoelectric 

layer is represented as a capacitance connected in parallel with a load resistance. This 

configuration results in simultaneous charge and discharge behaviors during sensor 

operation, which can be further analyzed through a differential equation: 

𝑑𝑄

𝑑𝑡
= 𝐼 
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 The current generated by the piezoelectric sensor, denoted as 𝑑𝑄/𝑑𝑡, comprises two 

components: a charging term and a discharging term. Deformation and recovery of the 

sensor tip induce charging, while the circuit discharges through the load resistance, which 

includes both internal and external resistances. According to the differential equation 

governing this system, an increase in the speed of deformation results in a higher rate of 

change of charge, 𝑑𝑄/𝑑𝑡, leading to an increase in the piezoelectric current (I) and voltage 

(V). However, for the instantaneous deformation responsible for Peak F, the speed of this 

deformation is independent of the overall tip movement speed. Consequently, the rate of 

change of charge, 𝑑𝑄/𝑑𝑡, remains constant, making the amplitude of Peak F a time-

independent quantity. 

 

The cyclic scanning test of the device demonstrates the long-term stability of the flexible 

vibration sensor, indicating that the Joule heating effect in the testing circuit has no impact 

and confirming the reliability of the sensor. 

 

Figure 4.10.  Cyclic scanning test of our device on a micro-step showed good durability.    

 

 

In contrast, the deformation that produces Peak C involves a slower charging process. As 

the speed of the sensor tip increases, 𝑑𝑄/𝑑𝑡 also increases, resulting in a higher amplitude 

for Peak C. This indicates that the amplitude of Peak C is positively correlated with the 

movement speed of the sensor tip. This analysis highlights the distinct responses of the 

piezoelectric sensor to different types of deformations. In a word, the piezoelectricity 
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aspect provides a deeper understanding of the sensor's speed-independent behavior in 

dynamic conditions. 

 

Figure 4.11 Mechanism explanation of the time-independent peak F. (a) Equivalent 

circuit of a single piezoelectric vibration sensor. (b) Schematic change of slow deformation 

which generate the peak C. (c) Schematic change of transient deformation which generate 

the peak F. 

 

4.3.2 Simulation model for piezoelectric tactile sensors 

 

The vibration sensor and grating-textures were modeled and simulated using MATLAB. 

First, multiphysics interfaces of solid mechanics, electrostatics, and piezoelectric effects 

were introduced. To calculate the time-dependent deformation and motion of the solid 

under transient loading, a transient analysis was performed. For the mechanical boundary 

conditions: (i) fixed constraints — the substrate under test was fixed, and one end of the 

vibration sensor was fixed while maintaining a constant distance from the substrate; (ii) 

free boundary — the other end of the vibration sensor was left free, forming a cantilever-

like structure. For the electrical boundary conditions, the two ends of the piezoelectric film 
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on the vibration sensor were connected to a testing resistor and grounded. For the contact 

conditions, a no-penetration condition was applied between the sensor tip and the substrate. 

Regarding material models, PET was chosen for the vibration sensor, PVDF for the 

piezoelectric film, and the substrate was assigned extremely high density and Young’s 

modulus, assuming that it would not deform under the pressure applied by the vibration 

sensor. Consequently, this investigation is more suitable for hard materials (e.g., silicon-

based components in semiconductor processes). For soft materials such as PDMS, the 

piezoelectric signal would be attenuated due to damping effects. The simulation results, 

depicted in Figure 4.12b, demonstrate that at various speeds (10, 15, 20, 25, 30 mm/s), the 

amplitude of Peak F remains nearly constant, indicating a speed-independent phenomenon. 

This consistency in amplitude supports the hypothesis that Peak F's response is not 

influenced by the speed of the sensor's movement. In contrast, the simulation shows a clear 

positive correlation between the absolute value of Peak C's amplitude and the speed of the 

sensor. As the speed increases, the amplitude of Peak C also increases, aligning with the 

earlier explanation based on the piezoelectric mechanism. This phenomenon is attributed 

to the increased rate of deformation, which leads to a higher rate of charge change (𝑑𝑄/𝑑𝑡), 

thus increasing the output signal amplitude. These simulation results corroborate the 

theoretical analysis and provide strong support for the quantitative texture sensing 

capabilities of the system. The findings validate the use of piezoelectric sensors for 

dynamic texture sensing, offering a robust method for distinguishing and quantifying 

surface textures based on sensor response characteristics. 

 

Figure 4.12 Simulation results of piezoelectric vibration sensor. (a) Configuration of 
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grating-texture testing using MATLAB (b) piezoelectric voltage generated by a single 

piezoelectric vibration sensor. 

 

To further explore the quantitative texture sensing capabilities of the vibration sensor, the 

effect of grating thickness on sensor response was investigated. The sensor was moved at 

a constant speed of 20 mm/s across a series of grating structures with varying thicknesses, 

ranging from 2 μm to 98 μm. The results demonstrated a linear relationship between the 

amplitude of Peak F and the thickness of the gratings. This suggests that the amplitude of 

Peak F can be used as a reliable indicator of grating thickness. Simulation results 

corroborated these experimental findings, showing a consistent linear relationship between 

the amplitude of Peak F and the thickness of the grating structures. This agreement between 

experimental and simulation data confirms the robustness of the vibration sensor system 

for quantitative texture sensing. The ability to discern differences in thickness with such 

precision highlights the potential of this system for applications requiring detailed surface 

characterization. 

 

Figure 4.13  Linear relationship between the amplitude of peak F and thickness of 

gratings. (a) The testing results of peak F changes with thickness of grating. (b) The 

simulation results of peak F changes with thickness of grating. 

 

Figure 4.14 shows the signals from the two tips of the piezoelectric tactile sensor, where 

the interlayer distance between the tips is denoted as d. By combining d with the time 
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delay (t1), the instantaneous scanning speed can be extracted as v =d/t1. Using the 

instantaneous scanning speed together with the platform movement time (t2), the platform 

width can be calculated as w=d·t2/t1. Moreover, as shown in Figure 4.11, the peak 

voltage is independent of the scanning speed, which enables the sensor to operate under a 

certain range of random speeds while still capturing the microstructural features. 

 

Figure 4.14 Theoretical analysis of the piezoelectric tactile sensor for quantifying height, 

width of surface features. Height measurement and feature analysis in piezoelectric signal 

when the first sensing tip (blue) scans across a step-like microstructure.  Insets illustrate 

different states during measurement: state i, the tip fully positioned on the step surface; 

state ii: the tip is at the point of departing from the step edge; state iii, the tip just returns 

to the base level.  b) Width measurement methodology based on three critical parameters: 

the spacing between two tips (d), time delay in the twin signals (t1), and time interval 

between two states (t2; states iv and v in (a)).  Insets illustrate the states of the second 

sensing tip (red): it fully positioned on the step surface (state iv), and it is departing from 

the step edge (v). 

 

 

4.3.3 3D-reconstruction of Micro-scale structure using piezoelectric tactile sensors 

 

Take Leveraging the speed-independent properties of the piezoelectric tactile sensor, a 
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portable version of the device was developed for practical applications. The portable 

piezoelectric tactile sensor was used to test grating textures on a silicon wafer. As depicted 

in Figure 4.15, the device was operated by hand, gliding the vibration sensors over the 

textured surface. The first peaks of the signals from the two vibration sensors indicated a 

time interval of 68.2 ms. Given the distance of 1.6 mm between the sensors, the average 

tip speed was calculated to be 23.46 μm/ms. The calculated grating dimensions, d1 = 583 

μm and d2 = 393 μm.  were found to closely match the actual dimensions, d1 = 600 μm 

and d2 = 400 μm. This consistency demonstrates the accuracy and reliability of the portable 

piezoelectric tactile sensor for quantitative texture sensing. The ability of the piezoelectric 

tactile sensor to maintain consistent measurements even with slight variations in tip speed, 

up to 30 mm/s, highlights its robustness and suitability for high-speed texture 

characterization applications. This feature makes the portable piezoelectric tactile sensor a 

versatile tool for and real-time texture analysis without the requirement of steady speed 

and force to be applied. 

 

 

 

Figure 4.15 Portable piezoelectric tactile sensor and its piezoelectric voltages when 

operating. (a) Schematic picture of side view of the tested grating structures. (b) Picture of 

operation of portable piezoelectric tactile sensor. (c) Piezoelectric voltages of portable 

piezoelectric tactile sensor with two vibration sensors. 

 

The spacing between the films (Δd) is used to calculate the width of microstructures by 

determining the scanning speed.  In principle, this parameter does not influence the device 

performance.  To show this, the influence of the spacing (Δd) on the width (w)  was 
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studied which was measurement by fabricating three devices with different spacing: 0.88 

mm, 1.94 mm, 2.66 mm and scanned on micro-steps with designed widths of 200 μm, 400 

μm, and 400 μm, respectively.  The calculated widths were 197 μm, 398 μm, and 397 μm, 

respectively, yielding errors of 1.5%, 0.5%, and 0.75%, respectively.  The results 

demonstrate that the spacing between the films does not affect the device performance.  

Nevertheless, we prefer to use a small spacing to achieve a compact device structure. 

 

Figure 4.16.  The influence of film spacing (Δd) on device performance: a) 0.88 mm, b) 

1.94 mm, and c) 2.66 mm.  Where Δt is the time delay between two signals. 

 

A micro-scale Chinese knot pattern, measuring 4.5 mm × 4.5 mm, was used for a 3D 

reconstruction task to demonstrate the capabilities of the piezoelectric tactile sensor. The 

piezoelectric tactile sensor was swept over the knot pattern 40 times, capturing data in 

multiple directions. Three typical directional scans are shown in Figure 4.17c, highlighting 

the piezoelectric voltage responses. The resulting voltage signals displayed multiple peaks, 

corresponding to the number of grating crossings by the sensor tips. By analyzing the 

amplitude and time intervals between these peaks, the thickness of the grating structures 

was calculated. This data was then used to construct a height profile of the tip's movement 

over time, effectively mapping the 3D topography of the tested texture.  
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Figure 4.17 Piezoelectric tactile sensor for micro-scale patterns imaging. (a) Schematic 

picture of a Chinese knot patterns. Three different gliding direction are shown. (b) Optical 

image of the Chinese know pattern. The scale bar is 500 μm. (c) Piezoelectric voltage of 

the piezoelectric tactile sensor gliding test with direction A, B, and C. The calculated 
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thickness changes with time. 

 

Using the piezoelectric tactile sensor, 40 parallel sweeps were conducted with intervals of 

100 μm, and the resulting piezoelectric signals were used to plot a 3D heat map (Figure 

4.18). This 3D heat map effectively visualizes the reconstructed surface of the micro-scale 

Chinese knot pattern. This technique enables precise measurement of texture features, such 

as the height and spacing of individual elements, highlighting the piezoelectric tactile 

sensor's capability in detailed surface analysis. The successful 3D reconstruction of the 

Chinese knot pattern using the piezoelectric tactile sensor showcases its potential for 

advanced tactile sensing and texture characterization applications. This method can be 

particularly useful in fields requiring precise surface analysis, such as materials science, 

biomedical engineering, and quality control in manufacturing processes. 

   

Figure 4.18 3D reconstruction heatmap of micro-scale pattern 3D-reconstruction using 

piezoelectric tactile sensor. 

 

The piezoelectric tactile sensor offers several advantages over current state-of-the-art 

texture recognition platforms. Many existing technologies face issues such as sensor 

hysteresis, which limits the accurate acquisition of morphological information. 

Additionally, some systems only convert time-domain information into frequency-domain 

data for texture or roughness recognition. This frequency-domain approach is often 

statistical, leading to qualitative rather than quantitative texture identification. As a 
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comparison, we demonstrate a qualitative frequency-domain analysis using our 

piezoelectric tactile sensor. Figure 4.19 presents the frequency spectra of signals obtained 

when the sensor slides across six different 3D-printed materials: (I) BMF microArch® 

S240, (II) Anycubic Photon Mono M5s, (III) Stratasys Object260 Connex3 with Veroclear 

in glossy mode, (IV) Stratasys Object260 Connex3 with Veroblue on the side plane, (V) 

Stratasys Object260 Connex3 with Veroclear in matte mode, and (VI) Ultimaker 2+. 

Feature extraction was performed, where the number of peaks, peak coordinates, and peak 

amplitudes were used as inputs for LDA analysis of the texture signals, resulting in 

excellent peak classification with well-separated clusters. Furthermore, classification using 

an SVM based on the extracted features achieved 100% accuracy, with 480 samples in the 

training set and 40 samples in the test set (Figure 4.20d). These results demonstrate that 

our sensor is also capable of performing the qualitative analyses that have typically been 

achieved by other tactile sensing methods. Moreover, many research methodologies 

require controlled testing conditions, including specific speeds and forces, thereby limiting 

their practical application. 
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Figure 4.19 Frequency-domain signals of surface scans for six 3D-printed workpieces, 

obtained via Fourier transform of time-domain voltage signals, each figure containing 80 

signals. 
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Figure 4.20 Machine learning-based roughness classification training: a) Time-domain 

piezoelectric signals for different textures. b) Frequency-domain signals obtained through 

Fourier transform, revealing distinct differences in the number of peaks, peak coordinates, 

and peak amplitudes. c) Feature extraction where the number of peaks, peak coordinates, 

and peak amplitudes are used as features for LDA analysis of texture signals, showing 

excellent peak classification with well-separated points. d) Classification using SVM with 

the extracted features, achieving 100% classification accuracy. The test set consists of 40 

samples, and the training set consists of 480 samples. 

 

In contrast, the piezoelectric tactile sensor is not affected by variations in speed or applied 

pressure, making it a versatile tool for texture sensing. It covers a wide sensing range, from 

1 μm to several millimeters in thickness, and can detect features with widths and distances 

of 200 μm and above. The piezoelectric tactile sensor not only facilitates texture 

recognition but also enables detailed pattern imaging, providing a more comprehensive and 

quantitative analysis of surface textures. This capability positions the piezoelectric tactile 

sensor as a superior alternative for advanced tactile sensing and texture characterization, 
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particularly in applications where precise and reliable measurements are critical. 

 

Table 1 Comparison of our work with current tactile technologies 

Ref. Function 
Quantitative 

(Yes/No) 

Scanning 

speed 
Delivered results 

Ref[18] 
Textile 

classification 
No 2 mm/s 

20-object-type 

classification 

Ref[19] 

Texture 

recognition, 

roughness 

No NA 
10-object-type 

classification 

Ref[20] Fabric classification No 16 mm/s 
20-object-type 

classification 

Ref[21] 
Spatial recognition, 

texture recognition 
No NA 

Frequency: 1 Hz to 

1 kHz 

Ref[22] Fabric classification No 4.5 mm/s 
15-object-type 

classification 

Ref[23] Texture recognition No NA 
12-object-type 

classification 

Ref[24] Texture recognition No 24 mm/s 
12-object-type 

classification 

Ref[25] Texture recognition No NA 
9-object-type 

classification 

Ref[26] Texture recognition No NA 
5-object-type 

classification 

This 

work 

Surface 

microstructure 

profiling 

Yes 
>40 

mm/s 

Height: 1-1000 μm, 

Weight: 200 μm, 

Random edge 
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4.3.4 Edge profile reconstruction of micro-scale structure using piezoelectric tactile 

sensors 

 

Furthermore, the reconstruction of microstructure edge profiles using a piezoelectric 

vibration sensor has been demonstrated to be feasible. In Figure 4.21b, we extract the 

voltage valleys and perform microelement analysis as illustrated in Figure 4.21c. By 

calculating the horizontal and vertical displacements of each microelement and integrating 

them, the random edge can be reconstructed. Several characteristic features of the voltage 

valley are extracted, including the initial voltage, the maximum derivative at the starting 

position, and the angle of the edge microelement. Based on these features, data modeling 

reveals the correlations shown in Figure 4.22. 

 

Figure 4.21 Theoretical analysis and modeling of piezoelectric vibration sensor for 

quantifying height, width, and edge profiles of surface features. a) Schematic showing the 

piezoelectric twin-film architecture (two tips) with interlayer distance (d) as it scans a 
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surface microstructure.  b) Schematic showing piezoelectric twin signals with a time 

delay (t1), generated by the operation in (d) (top).  Key features in the twin signals—

such as peaks, valleys and time delay (t1)—are systematically analyzed to extract 

microstructural characteristics including height (h), width (w) and edge profile.  The 

surface profile is subsequently reconstructed (bottom). c) Schematic representation of the 

edge profile reconstruction.  The slope angle  at each point of the edge profile can be 

calculated based on the piezoelectric signal V(t).  The x-coordinate (w) can be calculated 

from the t, and the y-coordinate (h) can be calculated by: wtan.  d) The relationship 

between simulated slope  and calculated  showing a mean average percentage error of 

only 0.61%. 

 

 

 

Figure 4.22 Three-dimensional rational function fitting illustrating the relationship 

between microstructure angle cotβ, maximum voltage derivative, and initial voltage V(0) 

through comprehensive parametric mathematical modeling, establishing a predictive 

framework for microstructure geometry characterization. 

 

With the implementation of 3D rational function fitting for β, we analyzed a series of 

microelements at different angles and found that the predicted error was less than 1%, 

demonstrating the reliability of our model. Furthermore, we reconstructed three types of 

edges—convex, linear, and concave—as shown in Figure 4.24. The reconstructed profiles 
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exhibit high fidelity, with Mean Absolute Percentage Error (MAPE) values of 2.14%, 

2.50%, and 1.92%, respectively. 

 
Figure 4.23 Parametric mathematical modeling for trapezoidal edge angle prediction.  (a) 

Correlation between actual and predicted 𝑐𝑜𝑡𝛽 values, showing strong linear relationship 

with 𝑅² >  0.99 across the full range of tested angles.  (b) Distribution of 𝑐𝑜𝑡𝛽 

prediction errors, demonstrating a narrow Gaussian distribution centered near zero with 

standard deviation < 0.02.  (c) Direct comparison between actual and predicted angle 𝛽 

values in degrees, illustrating excellent agreement between measured geometric parameters 

and model predictions.  (d) Histogram of angle 𝛽 prediction errors showing consistent 

accuracy below 1% error threshold, with most predictions falling within ±0.5%, validating 

the reliability of our parametric mathematical model for non-invasive microstructure 

characterization in flexible electronic systems. 
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Figure 4.24 Edge profile reconstruction in three distinctive edge configurations (convex, 

linear, and concave edges) exhibited minimal measurement errors, with MAPE values 

being 2.14%, 2.50% and 1.92%, respectively.  Dashed red curves: reconstructed profiles; 

dark line: actual edge profiles. 

 

4.4 Conclusion 

 

In this chapter, we have detailed the design and implementation of a piezoelectric tactile 

sensor tailored for the quantification of two-dimensional information from grating textures. 

The sensor, comprising two piezoelectric vibration sensors, features parallel PET tips 

mounted with flexible piezoelectric PVDF films. This configuration allows the sensor to 

bend and recover while sliding over uneven surfaces, with the PVDF films converting 

vibrations into voltage signals. The dual-tip design is crucial, as it facilitates the 

identification of instantaneous speed, thereby enabling accurate characterization of texture 

features such as groove width, bar width, and groove depth. 

 

Furthermore, we achieved in-situ measurement of micro-scale surface profiles through a 

sweeping test. By correlating voltage signals with the actual movement and calculated 

instantaneous speed, the sensor provided detailed time-domain information. This capability 

was demonstrated by integrating the sensor into a robotic hand, which allowed for real-

time 3D reconstruction of fine micro-scale patterns. The advancements discussed in this 
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chapter highlight the sensor's potential for applications requiring precise texture 

characterization and real-time surface profiling, underscoring the significant progress made 

in the field of haptic sensing technology. 
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Chapter 5  

 

An intelligent piezoresistive tactile system for in-situ 

quantifying object features 

 

This chapter details the design, fabrication, characterization and 

application of stability-enhanced tactile gloves. The tactile gloves are 

fabricated by integrated pressure sensing arrays onto fabric gloves. The 

pressure sensing array are fabricated by hot-pressing method to laminate 

piezoresistive layers onto interdigital electrodes. A bimodal stability-

reinforced method containing surface modification and encapsulation is 

utilized for sensor optimization. Herein, a robust 142-channels tactile 

glove is introduced. A healthcare related classification task is carried out. 

The machine learning results show that tactile gloves are promising 

candidates for application on palpation-related diagnosis. 

 

 

 

 

 

 

___________________ 

*This section was published substantially as: 

Jiaqi Tu, Ming Wang, Wenlong Li, Jiangtao Su, Yanzhen Li, Zhisheng Lv, Haicheng Li, Xue 

Feng, Xiaodong Chen. Electronic skins with multimodal sensing and perception. Soft Sci 3:25 

(2023). DOI: 10.20517/ss.2023.15. (No written permission from OAE Publishing Inc. is 

necessary for thesis purpose)  
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5.1 Introduction 

 

In recent years, the development of tactile sensing arrays and tactile gloves has shown 

significant promise in healthcare-related applications. These innovative technologies 

combine advanced materials, precise sensor design, and sophisticated data analysis 

methods to create systems capable of detailed and accurate tactile sensing. This thesis 

explores the design, fabrication, and application of a tactile glove integrated with an 

interdigital circle-patterned electrode array and flexible printed circuits (FPCs), aiming to 

enhance the stability and reliability of tactile feedback in medical diagnostics and other 

healthcare applications. 

 

The core of this research involves surface modification and encapsulation method to 

enhance the working stability of the pressure sensors. With the integration of the flexible 

pressure sensing array and fabric glove, a tactile glove was introduced. It features a user-

friendly data acquisition system, equipped with a Bluetooth-enabled flexible PCB powered 

by a lithium battery. The system includes an interactive User interface (UI) that visualizes 

force distribution and sensor resistance changes in real-time, offering modes such as profile 

mode and thermal mode. These visualization tools allow for easy data readout, saving, and 

automatic sensor calibration, enhancing the usability of the glove in various applications. 

 

One of the key applications of this tactile sensing system is in healthcare, particularly for 

object classification tasks related to medical diagnostics. By interacting with silicone gel 

breast models that simulate healthy and abnormal conditions, the glove can distinguish 

between different types of nodules based on their tactile properties. Besides, there are 8 

geometric solids to be classified, which demonstrates the possibility of quantitative analysis 

in the field of medical palpation. The classification tasks demonstrated high accuracy, with 

a support vector machine (SVM) method achieving a recognition accuracy of 99.18% on a 

test set. Principal component analysis (PCA) further validated the system's capability to 

differentiate between various object types, including medical models and geometric solids. 
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This research highlights the potential of tactile gloves in medical diagnostics, offering non-

invasive methods for assessing tissue properties and detecting abnormalities. The 

integration of advanced sensing technology, machine learning algorithms, and real-time 

data visualization paves the way for further advancements in tactile sensing and interactive 

technologies. The stability-enhanced tactile sensing array, combined with the versatility 

and accuracy of the tactile glove, represents a significant step forward in developing 

intelligent and responsive healthcare tools. 

 

5.2 Experimental methods 

 

5.2.1 Preparation of functional sensing materials and sensor protrusion for pressure 

sensors 

 

For the functional sensing materials, we selected Velostat (Custom Materials, 3M) 

piezoresistive film. To create the pressure sensing layer, we used a 2 mm drift pin to punch 

out circular pieces with a diameter of 2 mm (Figure 5.1). SIL-POXY™ (SMOOTH-ON) 

was chosen for the preparation of the protrusions. The process involved applying SIL-

POXY to a mold containing a 10x10 array of semicircular holes, each with a diameter of 2 

mm. After allowing the SIL-POXY to cure completely for 5 minutes, we obtained 

hemispherical protrusions. Subsequently, SIL-POXY was used to bond these protrusions 

to the polyurethane (PU) layer, ensuring a secure attachment and creating the desired 

pressure sensing structure. 
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Figure 5.1 Preparation steps of pressure sensors 

 

5.2.2 Surface modification of piezoresistive layer and flexible printed circuits 

 

The previously prepared functional sensing layer underwent oxygen plasma treatment on 

both sides using a plasma surface treatment machine (nano, Diener) for 3 minutes at 70% 

power. Following the plasma treatment, the layer was placed in a sealed container 

alongside an independent small container containing (3-mercaptopropyl) trimethoxysilane 

(3-MPT) (HS(CH2)3Si(OCH3); Sigma-Aldrich). The sealed container was then heated at 

80°C for 3 hours. After heating, the layer was rinsed with ethanol and soaked in ethanol 

for 30 minutes. 

 

In parallel, the customized flexible printed circuit (FPC) also underwent oxygen plasma 

treatment and was subsequently immersed in alcohol with a concentration of 10 mmol/L 

for 3 hours. After this immersion, the FPC was rinsed with ethanol, soaked for 30 minutes, 

and then dried at 60°C. 

 

5.2.3 Preparation of pressure sensors 

 

4g Waterborne PU (HydroMed D7, AdvanSource) particles are added into 36g ethanol  
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To prepare the adhesive solution, 4g of waterborne polyurethane (WPU) particles 

(HydroMed D7, AdvanSource) were added to 36g of ethanol (Sigma-Aldrich). The mixture 

was sonicated using an ultrasonic machine to completely dissolve the WPU particles. The 

resulting 10 wt% WPU solution was then applied to the surfaces between 50-μm PU films 

(sourced from Taobao) and the flexible printed circuit (FPC). The FPC and PU film were 

integrated using a hot press at 110°C and 2 MPa for 2 minutes. The same WPU/ethanol 

solution was used to adhere the surfaces between the PU films and the piezoresistive films. 

This was achieved by hot pressing at 80°C for 1 minute. After forming these two layers, 

they were adhered together using hot pressing at 80°C for 1 minute, leveraging the residual 

WPU on the PU layers. Finally, the protrusions were adhered to the assembled layers, 

completing the fabrication of the tactile sensing array (as illustrated in Figure 5.2). This 

process ensures strong bonding and structural integrity, essential for reliable tactile sensing 

performance. 

 

 

Figure 5.2 Preparation steps of tactile sensing array. 

 

5.2.4 Mechanical characterization of pressure sensors 

 



An intelligent tactile system for quantifying object features Chapter 5 

94 

 

The pressure and bending sensing capabilities were evaluated using a custom-built 

mechanical testing platform. Resistance changes during bending and pressing were 

measured with a parameter analyzer (Keithley 2450). For pressure sensing, the platform's 

moving head oscillated back and forth over a distance of 0.35 mm at a strain rate of 10% 

strain/s. This setup allowed for precise measurement of resistance changes under pressure. 

For bending tests, the samples were subjected to shear strength testing using a mechanical 

tester (MTS Criterion model C42). The testing samples were stretched until desorption 

occurred at a strain rate of 50 mm/min. These tests ensured the reliability and robustness 

of the pressure and bending sensing functions of the tactile sensing array, providing critical 

data for further optimization and application in healthcare-related settings. 

 

5.2.5 Characterization of surface modification results 

 

For FTIR (Fourier Transform Infrared) spectrometer in Attenuated Total Reflectance (ATR) 

mode, begin by placing the sample, such as the Velostat film, onto the ATR crystal. Ensure 

good contact between the sample and the crystal for optimal signal transmission. Set the 

spectrometer (FTIR, Perkin Elmer Frontier) to the desired scanning range, covering both 

the C-H vibration region and low-frequency region (e.g., 4000 cm⁻¹ to 600 cm⁻¹). Start the 

measurement and record the spectrum, identifying key peaks such as the asymmetric and 

symmetric stretching vibrations of methylene groups, the silicon-oxygen-silicon bond 

stretching modes, and the deformation mode of methyl groups. Analyze the data to confirm 

the successful bonding of functional groups, which is crucial for the enhanced interfacial 

adhesion and performance of the sensor. Save the spectra and interpret the results to assess 

the chemical modifications made to the sample. 

 

For X-ray Photoelectron Spectroscopy (XPS) analysis (using Thermo Fisher K-Alpha 

Photoelectron Spectrometer), start by preparing the samples, including the modified 

Velostat film and gold electrodes on the flexible printed circuit (FPC). Place the samples 

in the XPS chamber and evacuate the chamber to achieve a high vacuum environment. Set 

the XPS to analyze the Si and S 2p regions, which are key indicators of the presence of 3-

Mercaptopropyltrimethoxysilane (3-MPT). Using a monochromatic Al Kα source, 
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irradiate the sample surface and collect the emitted photoelectrons. Record the spectra, 

focusing on the binding energy peaks corresponding to silicon (Si 2p) and sulfur (S 2p). 

Analyze the spectra to confirm the presence of these elements, indicating successful surface 

modification with 3-MPT. Finally, interpret the data to verify the formation of gold-sulfur 

bonds and the overall modification of the samples. 

 

5.2.6 DSC analysis for encapsulation parameter  

 

To measure the thermal properties of the piezoresistive film using Differential Scanning 

Calorimetry (DSC), begin by preparing a sample of the film. Place the sample in a DSC 

pan and seal it. Load the pan into the DSC instrument along with a reference pan. Set the 

temperature range for the analysis, typically from room temperature to a specified upper 

limit, in this case, above the softening temperature of the piezoresistive film. Program the 

DSC to heat the sample at a controlled rate, such as 10°C per minute. As the temperature 

increases, the DSC records the heat flow associated with phase transitions, such as 

softening or melting. Analyze the resulting thermogram to identify key thermal properties, 

such as the softening temperature. Use the data to set process temperatures below these 

thresholds to maintain material integrity and ensure strong adhesion in multi-layer 

structures. 

 

5.3 Results and discussion 

 

5.3.1 Optimization and characterization of pressure sensor arrays for tactile sensing 

systems 

 

The electrodes are designed in interdigital circle patterns. As shown in Figure 5.3a, the 

diameter of each sensor electrode is 2 mm. The distance of the counter electrodes is 200 

μm. With the μm-scale electrodes design, double-layer FPC with electrodes arrays are 

introduced.  There are two layers of copper circuits. One is embedded in PI layers, and the 

other is laminated on the top of PI encapsulation layer. Two copper circuit layers are 

electrically connected with holes at corresponding locations (Figure 5.3a). With the 
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fabrication processes, one double-layer FPC is designed in a square array with 100 

channels for sensor characterization. The other double-layer FPC is designed in hand-shape 

array for further integrated on fabric gloves. As shown in Figure 5.3c, the hand-like FPC 

contains 7 parts. Four parts are 3X7 electrode arrays which refer to index finger, middle 

finger, ring finger, and pinky finger. One part is a 3X6 electrode array which refers to 

thumb finger. Additionally, there are two sections with 4x5 electrode arrays representing 

the left and right palms. The distance between electrodes is 5 cm in horizontal spacing or 

9 cm in horizontal spacing. Among the palm parts, the distance between electrodes is 10 

cm in horizontal spacing or 12 cm in horizontal spacing. These variations in distances 

indicate different sensor distribution densities. The sensor distribution is denser in the 

finger areas, aligning with the higher density of mechanoreceptors in human fingers 

compared to palms. 

 

Figure 5.3 Images of single electrodes and electrodes array. (a) Optical microscope 

image of a single interdigital circle-like electrodes. Scale bar is referred to 200μm. (b) 

Image of a double-layer FPC with electrodes containing 100-channels. (c) Image of a hand-

like double-layer FPC with electrodes containing 142 channels. 

 

After surface modification, the piezoresistive layers and the gold electrodes on the FPC 

layers are expected to bond with (3-Mercaptopropyl)trimethoxysilane (3-MPT). To 

confirm the successful reaction between 3-MPT and Velostat films, which primarily 
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contain polypropylene and carbon black, FTIR was employed to analyze the related 

chemical bonds. Due to the inherent high noise of carbon materials, the untreated Velostat 

film was used as a baseline for comparison. 

 

The FTIR spectra of the samples were measured in Attenuated Total Reflectance (ATR) 

mode. The FTIR-ATR spectrum for the C-H vibration region is presented in Figure 5.4a. 

The two peak structures at 2916 cm⁻¹ and 2849 cm⁻¹ correspond to the asymmetric and 

symmetric stretching vibrations of methylene groups (νa(CH2) and νs(CH2), respectively). 

Additionally, the broad bands near 1008 cm⁻¹ and 791 cm⁻¹ are attributed to the stretching 

modes of silicon-oxygen-silicon (ν(Si−O−Si)) bonds. The sharp peak at 1265 cm⁻¹ is due 

to the deformation mode of methyl groups (δ(CH3)) from the two Si−CH3 groups (Figure 

5.4b). Therefore, the presence of characteristic peaks in both the C-H vibration region and 

the low-frequency region of the FTIR-ATR spectrum indicates successful bonding of 3-

MPT to the surface of the Velostat film. This bonding is essential for enhancing the 

interfacial adhesion between the piezoresistive layers and the gold electrodes, thereby 

improving the overall performance and reliability of the sensor. 

 

Figure 5.4 FTIR-ATR spectrum of Velostat film samples. (a) ν(C−H) region. (b) Low-

frequency region. 

 

Due to the strong binding energy between gold and thiol groups, forming a gold-sulfur 

bond, 3-Mercaptopropyltrimethoxysilane (3-MPT) is expected to successfully modify the 

gold electrodes on the flexible printed circuit (FPC). To further ensure the surface 
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modification of the Velostat film, we treated its surface with plasma and placed it in a 

sealed container with 50 μL of 3-MPT at 80°C for 4 hours. 

 

To verify the modification, X-ray photoelectron spectroscopy (XPS) was conducted on the 

modified piezoresistive film and the gold electrodes on the FPC. The XPS spectra for the 

Si and S 2p regions of both the Velostat film and the gold electrodes confirmed the presence 

of silicon and sulfur, which can only originate from 3-MPT. These results conclusively 

demonstrate the successful surface modification of both the Velostat film and the gold 

electrodes on the FPC with 3-MPT. 

 

Figure 5.5 XPS spectrum of element analysis of the modified piezoelectric film and 

gold electrode on FPC. (a) Si 2p spectra of Velostat piezoelectric film. (b) Si 2p spectra of 

gold electrode on customized FPC. (c) S 2p spectra of Velostat piezoelectric film. (d) S 2p 

spectra of gold electrode on customized FPC. 
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The thermal properties of the piezoresistive film were measured using differential scanning 

calorimetry (DSC). The results indicate that the softening temperature of the piezoresistive 

film is approximately 100°C. Therefore, the process temperatures related with the 

piezoresistive films are all set to below 100°C. Additionally, the softening temperature of 

PU is around 110°C. This softening temperature suggest that a strong adhesion can be 

achieved when using a hot-press technique under 110°C to bond the PU layer with PI layer. 

This firm adhesion is crucial for maintaining the integrity and performance of the layered 

structure in various applications, ensuring durability and reliability of pressure sensors. 

 

Figure 5.6 Thermal property of the piezoresistive film by DSC 

 

To assess the stability of the pressure sensors, the initial resistance of the sensors was 

compared between the first version of the tactile arrays[1] and the new tactile sensing arrays. 

Specifically, the coefficient of variation of the initial resistance values was analyzed for 

both versions (Figure 5.7). 

 

For the new version, the mean initial resistance was found to be 19,093.56 Ω, with a 

standard deviation of 9,367.69. The calculated coefficient of variation (defined as the ratio 

of the standard deviation to the mean) was 0.49. This value is lower than that of the previous 

version, indicating an improvement. 
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The reduced coefficient of variation in the new version signifies enhanced consistency in 

the initial resistance values of the pressure sensors. This improvement in consistency is 

indicative of higher stability in the sensor performance. Such stability is crucial for the 

reliable operation of tactile devices, as it ensures more accurate and repeatable force 

measurements across different sensors and usage scenarios. 

 

Figure 5.7  Consistency comparison between stability-enhanced pressure sensors and 

sensors from first version of tactile arrays. Coefficient of variation (ratio of standard 

deviation/mean) of the statistical initial resistance values of (a) First version (112 sensors). 

(b) New version (100 pressure sensors). 

 

As a tactile glove primarily designed to capture force-related information during 

interactions between objects and the glove, it is crucial to minimize undesired signals 

generated by finger movements without object contact. To address this, the bending 

stability of a single pressure sensor was tested first. A laboratory-built bending test platform 

was utilized for this purpose. This platform is capable of performing both positive and 

negative bending tests. For stable bending conditions, a pressure sensor array was mounted 

on a 100 μm PET substrate. The sensor array was securely fixed to the moving part of the 

platform using magnetic rings to ensure consistent positioning during the bending tests.  

The bending test of a single pressure sensor involved bending the sensor from 0 to -30° 

and then from 0 to +30°. As illustrated in Figure 5.8, the change in resistance (ΔR/R0) was 

only 0.28%. This negligible change in synchronous resistance during the bending test 

demonstrates the high bending stability of the pressure sensor. This high stability is 
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essential for the reliable performance of the tactile glove, ensuring that the sensors provide 

accurate force measurements during object interactions while minimizing false signals 

from finger movements. 

 

 

Figure 5.8 Bending test of a single pressure sensor. The sensor is bended from 0 to -30° 

and then from 0 to +30°. The synchronous resistance change is shown. 

 

Following the bending test of the single pressure sensor, the bending stability of the sensors 

under working conditions was evaluated. A 142-channel hand-shaped pressure sensor array 

was integrated into a fabric glove to facilitate this test. The tester wore the tactile glove and 

performed various gestures, including the natural states '5', '4', '3', and '2'. The signal 

changes over a 4-second period for all 142 sensors are depicted in Figure 5.9. The majority 

of the channels exhibited a resistance change (ΔR/R0) of less than 5%. A few sensors 

showed relatively larger resistance changes, though still below 10%. The sensors that 

exhibited larger resistance changes, up to 10%, is due to contact between the sensors and 

the palms. This interference, however, is expected to be minimized in practical applications, 
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as the fingers will primarily interact directly with objects rather than with other fingers or 

the palms. In real-world scenarios, the primary function of the tactile glove is to detect 

forces exerted on the fingertips during object manipulation. Therefore, the occasional 

contact between the sensors and the palms, which contributes to the observed resistance 

fluctuations, will have a minimal impact on the glove's overall performance. These results 

indicate good stability of the pressure sensors during hand movements without object 

interaction. The minimal resistance changes across most channels demonstrate the 

robustness and reliability of the sensors in dynamic conditions, ensuring accurate 

performance of the tactile glove in real-world applications. 

 

 

Figure 5.9 stability test of glove bending test. The signals changes within 4 seconds 

under 4 different postures are presented (containing ‘five’, which is a natural posture, ‘four’, 

‘three’, and ‘two’). 

 

In addition to surface modification, an encapsulation method was employed to enhance 

sensor stability. As the FPC is embedded inside two layers of TPU and adhered by 

Waterborne PU, there are two kinds of interfaces of the pressure sensors including 

PU/WPU/PU and PU/WPU/PI. According to the processes of encapsulation, five shear 

strength testing samples were fabricated to measure the package stability, including 1. 

PU+PI+WPU adhered under 120°C using hot-press (0.1 MPa); 2. PU + PU + WPU adhered 

under 80°C; 3. PU + PI + WPU adhered under 80°C; 4. PU + PU adhered under 80°C; 5. 

PU + PI + WPU adhered under room temperature. The schematic preparation of shear 
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strength testing is shown in Figure 5.10a. Each adhesion layer is fixed within a rectangular 

area of width 𝑊 and length 𝐿. Layer 1 and Layer 2 in Figure 5.10b were further adhered 

on metal sheets using Cyanoacrylate Adhesive Super Glue 502 to prevent slip when MTS 

testing. Two different layers are stretched in opposite directions. This testing setup allows 

for the measurement of package stability by evaluating the shear strength of the adhesive 

bonds under various conditions[2]. The results provide insight into the optimal 

encapsulation methods for ensuring long-term durability and performance of the pressure 

sensors. 

 

Figure 5.10 Shear strength test. (a) Setups for mechanical testing of adhesion 

performance. (b) Five testing samples. 1. PU + PI + WPU adhered under 120°C using hot-

press (0.1 MPa); 2. PU + PU + WPU adhered under 80°C; 3. PU + PI + WPU adhered 

under 80°C; 4. PU + PU adhered under 80°C. 5. PU + PI + WPU adhered under room 

temperature. (c) The moment of stretch failure under MTS testing. 

 

Using the setup for mechanical testing of adhesion performance, the prepared samples were 

tested at a strain rate of 50 mm/min. The force-displacement curves for the samples are 

shown in Figure 5.11a. All samples exhibited an immediate break point under the applied 

strain. Shear strength was defined as the maximum force at the break point divided by the 

adhesion area (𝑊×𝐿). The shear strengths of samples 1 and sample 2 were notably high, 
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measuring 370 kPa and 500 kPa, respectively. In contrast, the shear strength of sample ○4 

was significantly lower, at only 118 kPa. 

 

These results indicate excellent adhesion performance for both sample 1 and sample 2, 

which utilized waterborne PU as the adhesive layer. The process of hot-pressing and 

heating likely contributed to this enhanced adhesion by volatilizing the solvent in the 

waterborne PU/ethanol solution. Additionally, the similar surface energy between PI and 

PU facilitates the formation of a stable bond. These findings underscore the effectiveness 

of using waterborne PU in conjunction with hot-pressing and heating to achieve strong and 

durable adhesion in the pressure sensors. This method not only improves the mechanical 

stability of the sensors but also ensures their reliability and longevity in practical 

applications. 

 

 

Figure 5.11 Mechanical testing of adhesion performance. (a) Stretching force changes 

with the displacement of three samples, including 1. PU + PI + WPU adhered under 120°C 

using hot-press (0.1 MPa). 2. PU + PU + WPU adhered under 80°C. 4. PU + PU adhered 

under 80°C. (b) Sheer strength comparison of the samples. 

 

To estimate the stability improvement of the pressure sensors, the mechanical response of 

single pressure sensors was tested using a laboratory-made pressure testing platform, as 

shown in Figure 5.12a. Cyclic pressure testing was conducted to compare sensors with and 

without surface modification. The results indicate that sensors with surface modification 
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exhibit more stable initial resistance as the pressure returns to the initial level, even after 

numerous pressure cycles. The resistance change-pressure curve for a single cycle 

demonstrates consistent resistance changes, showing that the resistance reliably returns to 

the pre-pressure levels. The response and recovery resistance change curves are illustrated 

in Figure 5.12f. The response time and recovery time are both under 89 milliseconds, 

corresponding to the time interval setting of the Keithley 2450 source meter, which was 

configured to 89 milliseconds. For subsequent testing with the glove set, the time interval 

is set to 100 milliseconds. This rapid response and recovery time are crucial for ensuring 

reliable signal detection, which is essential for the object classification task. Furthermore, 

the fast response and recovery times contribute to minimizing latency in the data 

acquisition process, allowing for smoother and more precise control in dynamic 

environments. These findings highlight the effectiveness of surface modification in 

enhancing the stability and reliability of the pressure sensors, ensuring accurate and 

repeatable performance under cyclic loading conditions. 

 

Figure 5.12 Cyclic mechanical test of the stability-enhanced pressure sensor. (a) Picture 

of a laboratory-made pressure testing platform. (b) Four cycles of pressure testing.  All 

cycles are processed under moving speed of 35 μm/s, (c) Resistance change with pressure. 

(d) 100 cycles of contrast pressure sensors without surface modification. (e) 300 cycles of 



An intelligent tactile system for quantifying object features Chapter 5 

106 

 

contrast pressure sensors with surface modification. (f) The response times of stability-

enhanced pressure sensor. 

 

When acquiring signals from the 142 channels of the hand-like tactile gloves, a shorter 

time interval ensures the extraction of more detailed information. However, designing the 

multimodal signal reading circuits introduces the possibility of crosstalk effects, which 

may compromise the accuracy of the readout. To better understand the crosstalk effect, 

Figure 5.13a illustrates a scenario where a path composed of three resistances—Rim, Rsm, 

and Rsj—in parallel to Rij, alters the measured value[3]. Drawing inspiration from the 

grounding-based array readout design, in which each row is driven by a constant voltage 

source Vi through independent buffers, the trans-resistance amplifiers' inputs act as a 

virtual ground. This design ensures that columns not currently active are grounded, 

minimizing interference. A Bluetooth acquisition circuit design for the hand-like tactile 

gloves was introduced, featuring time-division multiplexers that read the currents of each 

row in a sweeping mode. 

 

In this design, a potential difference as close to zero as possible is imposed across the 

elements not being read, preventing crosstalk between sensors. This approach is critical for 

maintaining the integrity of the signal acquisition process, ensuring that each sensor's data 

is accurately captured without interference from neighboring sensors. By implementing 

such measures, the tactile gloves can deliver precise and reliable tactile feedback, which is 

essential for applications such as robotic manipulation, prosthetics, and advanced human-

machine interfaces. This design ensures that the system can handle the high data throughput 

required for real-time signal processing and interpretation, making it a robust solution for 

complex tactile sensing tasks. 
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Figure 5.13  Data acquisition designs of hand-like tactile gloves. (a) The schematic 

crosstalk effect in traditional arrays of piezoresistive sensors. (b) Circuit based on 

grounding design for sensor arrays data acquisition against crosstalk. (c) The Bluetooth 

data acquisition circuit design of hand-like tactile gloves contains time-division 

multiplexers with 10 Hz data reading rate for 142 channels. Reproduced with permission 

from ref.[3]. Copyright 1999 Elsevier. 

 

This hardboard PCB is equipped with Bluetooth transmission capabilities and a USB 

interface. The Bluetooth functionality allows for wireless data transfer, enabling seamless 

connectivity with various devices and enhancing the system's versatility. The USB 

interface provides an additional option for wired connections, ensuring compatibility with 

a wide range of data acquisition setups. The robust construction of the hardboard PCB 

ensures durability and reliable performance across different environments, making it 

suitable for both stationary and mobile applications. The flexible PCB is designed for 

applications requiring high mobility and power efficiency. It is connected to a 3000 mAh 

lithium battery, which provides extended operational time. This configuration is ideal for 

wearable and portable data acquisition systems, where the flexibility and lightweight nature 

of the FPCB are crucial. 
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Figure 5.14 PCB & Flexible PCB for data acquisition systems. (a) Hardboard PCB with 

Bluetooth transmission USB interface. (b) Flexible PCB connected with 3000 mA·h 

Lithium battery. 

 

Figure 5.15a displays the tactile glove along with the corresponding serial port channel 

numbers. To facilitate data acquisition, a user-friendly interface (UI) has been developed 

for easy data readout and storage. This UI application offers two distinct modes: profile 

mode and thermal mode. Profile Mode: In profile mode, sensor resistance changes are 

visualized using a color gradient. Red indicates low resistance, while green represents high 

resistance. This visual representation allows users to quickly interpret sensor data and 

understand the distribution of resistance changes across the glove. Thermal Mode: Thermal 

mode presents the resistance changes in the form of a heatmap. This mode provides a 

comprehensive view of the sensor data, highlighting areas of varying resistance with 

different colors, similar to a thermal image. This can be particularly useful for identifying 

patterns and anomalies in sensor readings. 

 

In addition to these visualization modes, the UI also includes an automatic sensor 

calibration feature. This function ensures that the sensors are properly calibrated before 

data collection begins, enhancing the accuracy and reliability of the data. The calibration 

process adjusts the sensors to their optimal operating conditions, compensating for any 

drift or variability in sensor performance. By integrating these features, the UI provides a 

powerful tool for users to interact with the tactile glove data acquisition system. It 

simplifies the process of monitoring and analyzing sensor data, making it accessible to 

users with varying levels of technical expertise. This comprehensive interface enhances the 

functionality of the tactile glove, making it suitable for a wide range of applications, from 
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research and development to practical, real-world use cases. 

 

Figure 5.15  The stability-enhanced tactile gloves and the array signals User-Interface 

(UI). (a) Picture of the tactile glove. (b) The distribution of sensors on the palm and the 

corresponding serial port channel numbers. (c) Data-visualized UI of the tactile glove. 

 

With the data-visualized user interface (UI) of the tactile gloves, the force distribution when 

interacting with different objects can be clearly observed. In this study, acrylic sheets were 

cut into various shapes using a laser cutter. Specifically, acrylic sheets in the shapes of the 

letters 'N', 'T', and 'U' were created using a UNIVERSAL laser cutter PLS6.150D with a 

150W power output. The schematic figures illustrate the positions of these word-shaped 

acrylic sheets. When these shapes were placed under the tactile glove's sensors, different 

sensors responded according to the specific locations and shapes of the sheets. This 
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correlation between sensor responses and the positions of the acrylic shapes demonstrates 

the reliability and accuracy of the tactile glove system. 

 

The different shapes of the acrylic sheets induce varying pressure distributions, which are 

captured and displayed in real-time by the tactile glove's sensors. The sensors' ability to 

detect and accurately represent these force distributions validates the effectiveness of the 

system in practical applications. By using these specific shapes, we were able to test the 

glove's sensitivity and precision in detecting distinct force patterns. This experimental 

setup highlights the glove's potential for a wide range of applications, including robotic 

manipulation, tactile sensing in prosthetics, and human-computer interaction. The reliable 

data visualization provided by the UI enhances the usability of the tactile glove, making it 

a valuable tool for researchers and practitioners who require precise and detailed feedback 

on force distribution during object interactions. 

 

Figure 5.16 Force distribution analysis of tactile gloves. (a) Initial state of force detection 

UI. (b) New state when ‘N’ word-shape acrylic sheet placing on tactile glove. (c) New state 

when ‘T’ word-shape acrylic sheet placing on tactile glove. (d) New state when ‘U’ word-

shape acrylic sheet placing on tactile glove. 

 

5.3.2 Palpation-related diagnosis classification task using tactile sensing gloves 
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Here is a picture of the tactile glove wearing on tester’s hand. The FPC’s end was connected 

to the customized flexible PCB. The flexible PCB was powered by lithium battery for 

Bluetooth transmission. A feature extraction example is shown in Figure 5.17b. Since 

applied force will lower the resistance of pressure sensor, a complete signal curve contains 

baseline and a downward peak. Two features including amplitude and time are selected for 

further machine learning. The amplitude refers to maximum change of the signal and time 

refers to full width at 85% maximum value. 

 

Figure 5.17a presents an image of the tactile glove worn on the tester’s hand. The end of 

the FPC is connected to a customized flexible PCB, which is powered by a lithium battery 

to enable Bluetooth transmission. This setup allows for wireless data collection and real-

time monitoring of the glove’s sensor outputs. An example of feature extraction is 

illustrated in Figure 5.17b. When a force is applied to the pressure sensors, the resistance 

decreases, resulting in a characteristic signal curve that includes a baseline and a downward 

peak. From this signal curve, two key features are extracted for further machine learning 

analysis: 1. Amplitude: this feature represents the maximum change in the signal, 

indicating the magnitude of the applied force. It is measured as the difference between the 

baseline and the lowest point of the peak. 2. Time: this feature refers to the full width at 

85% of the maximum value of the peak. It captures the duration of the force application, 

providing information about the temporal characteristics of the interaction. 

 

These features are critical for accurately characterizing the sensor responses and are used 

as input variables for machine learning algorithms. By analyzing the amplitude and time 

features, the system can learn to recognize different force patterns and improve the 

accuracy of object classification and other tasks.  
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Figure 5.17 Structure and feature extraction for machine learning (a) A photo showing 

the tactile glove consisting of 142 pressure sensing channels and the customized flexible 

PCB are worn on the forearm. (b) Feature extraction of the 142 channels. 

 

For the purpose of healthcare-related object classification, two medical breast models made 

from silicone gel were selected for data collection. Figure 5.18a and 5.18b depict the tactile 

gloves interacting with these breast models. In the healthy breast model, there are no hard 

parts representing medical nodules, providing a baseline for comparison. In contrast, the 

abnormal breast model contains three types of simulated nodules, each representing 

different medical conditions, which are designed to mimic the higher young’s modulus of 

pathological tissues. The three types of simulated nodules in the abnormal breast model are 

as follows: 

 

Fibrocystic Change: These nodules have blurred edges, making them less distinct from the 

surrounding tissue. This condition often presents with a diffuse texture that is challenging 

to delineate. 

 

Tumor (Cancer): Tumorous nodules are characterized by clear edges, making them distinct 

and easier to identify. These nodules typically represent malignant growths and have a 

significantly higher stiffness compared to normal tissue. 

 

Plugged Duct: This condition is simulated by hard nodules located around the nipple area. 
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These nodules are indicative of blockages in the milk ducts and present a localized increase 

in tissue stiffness. 

 

Each of these nodules has a much higher Young’s modulus than the surrounding silicone 

gel, allowing the tactile gloves to detect variations in stiffness and texture. The gloves 

capture these differences through their sensors, providing data that can be used for object 

classification. By analyzing the data collected from interactions with these breast models, 

the tactile glove system can help in distinguishing between healthy and abnormal tissues. 

The ability to identify different types of nodules based on their tactile properties can 

contribute to more accurate and early diagnosis of breast conditions. This approach 

demonstrates the potential of tactile gloves in medical applications, offering a non-invasive 

method to assess tissue properties and detect abnormalities.  

 

Figure 5.18 Medical breast model and distribution of the simulated nodules. (a) Healthy 

breast model. (b) Abnormal breast model. (c) Distribution of three different simulated 

nodules of the abnormal breast model, including tumor, fibrocystic change, and plugged 

duct.  

 

Figure 5.19 presents the results of a comprehensive classification task involving 12 

different object types. The 12 object types included in the dataset are categorized as follows: 

medical model (healthy breast, tumor, fibrocystic change, and plugged duct) and 8 types 
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of geometric solids (small foam ball, medium foam ball, big foam ball, small sponge ball, 

cube, cylinder, cone, and cuboid). To ensure accurate prediction with a medium-sized 

dataset, K-fold cross-validation was applied for a total of 2487 samples. Specifically, 

approximately 40 samples from each of the 12 classification targets were selected to form 

a testing set of 487 samples. The remaining 2000 samples were used for training and 

validation. For a 10-fold cross-validation approach (k=10), each fold contained 200 

samples. Training was repeated 10 times, with nine folds used for training and one fold for 

validation in each iteration. The model with the best performance across the cross-

validation process was then retrained using all 2000 samples. Finally, this optimized model 

was used to predict the 487 testing samples. 

 

The feature extraction results, as depicted in Figure 5.19, clearly show distinct differences 

between the various object types. Within each type, the features exhibit consistency across 

different samples, indicating reliable sensor readings and robust data collection. The 

successful extraction and utilization of these features underscore the potential of the tactile 

glove system for sophisticated data analysis and machine learning applications. By 

accurately distinguishing between different object types, including both medical models 

and geometric solids, the system demonstrates its capability for nuanced tactile sensing. 

 

The tactile glove system's ability to consistently capture and analyze tactile data positions 

it as a valuable tool for a wide range of applications, from medical diagnostics to robotic 

manipulation and beyond. The integration of advanced machine learning algorithms with 

high-fidelity sensor data from the tactile gloves opens new possibilities for real-time, 

accurate classification tasks. This technology holds promise for improving the 

effectiveness of tactile sensing devices and expanding their use in various sectors, 

ultimately contributing to the development of more intelligent and responsive systems. 
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Figure 5.19 Classification task involving 12 different object types and feature extraction 
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results. 

 

From the feature extraction results, three foam balls of different diameters—small (7 cm), 

medium (9 cm), and large (12 cm) are extracted for quantification analysis. As each ball 

was grasped 200 times, resulting in a total of 600 data samples. The analysis of the activated 

sensors for each grasp revealed a clear trend: as the size of the ball increased, the number 

of activated sensors also increased (Figure 5.20). This observation supports the theoretical 

premise that the tactile glove's size resolution capability is proportional to the object's size. 

Specifically, larger objects activate more sensors, enhancing the glove's ability to 

accurately discern size variations. These findings provide valuable evidence for the design 

and application of tactile gloves in tasks requiring precise size discrimination, such as 

medical diagnostics and robotic manipulation. The positive correlation between object size 

and the number of activated sensors underscores the importance of optimizing sensor arrays 

to improve the performance and accuracy of tactile sensing systems. 

 

Figure 5.20 Number of activated sensors on tactile glove systems changing with ball size 

(Diameter of small foam ball: 7 cm; medium foam ball: 9 cm; big foam ball: 12 cm) 
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Figure 5.21 illustrates the feature correlations identified using the SVM method. As shown 

in Figure 5.21a, features 11 and 88 were selected to demonstrate the limited correlations 

between different features. This indicates that the chosen features provide distinct and non-

redundant information, which is crucial for accurate classification. The PCA results further 

support this finding by showing that the 12 types of samples can be easily distinguished 

into different groups. The PCA visualization demonstrates that the 12 types of grasp tasks 

can be clearly differentiated, even among similar items. Specifically: 1. Small, medium, 

and large sponge balls; 2. Small foam and small sponge balls. 3. Cuboid and cylinder. 

 

The test set, consisting of 487 samples, achieved an impressive accuracy of 99.18%. This 

high recognition accuracy underscores the system's capability to accurately distinguish 

between different objects based on their shapes and softness. The ability to distinguish 

between different types of objects, particularly those with subtle differences, showcases 

the potential of this tactile glove system in various applications. For instance, in the medical 

field, the system's high accuracy in recognizing different objects can translate to 

distinguishing symptoms based on the shape and softness of tissues. This could greatly 

enhance diagnostic processes, enabling more precise and reliable identification of medical 

conditions. 

 

Overall, the successful application of SVM and PCA in this context highlights the advanced 

capabilities of the tactile glove system for sophisticated data analysis and machine learning. 

The high accuracy and distinct feature correlations demonstrate the system's effectiveness 

in tactile sensing and its potential for further advancements in interactive and diagnostic 

technologies. 
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Figure 5.21 Feature correlations and classification accuracy using SVM (a) Two features 

correlation. (b) Several feature correlations. (c) PCA of the 12-types classification task. (d) 

Machine learning test result. 

 

The impact of sensor density on classification accuracy was systematically investigated 

using a 142-channel tactile glove. Various numbers of pressure sensors were activated to 

create different sensor densities. The activation levels tested were 1, 6, 20, 46, 68, 96, and 

the full 142 sensors. The results are illustrated in the accompanying figure 5.22, which 

depicts the accuracy of the tactile glove in performing classification tasks involving 3 

classes and 12 classes at each sensor density. The data clearly demonstrate a positive 

correlation between sensor density and classification accuracy. Higher sensor densities 

consistently resulted in improved accuracy, underscoring the importance of sensor density 

in enhancing the performance of tactile sensing systems. This finding highlights the 

potential for optimizing sensor arrays to achieve superior classification outcomes in various 

applications, including medical diagnostics and robotic manipulation. 
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Figure 5.22 The effect of sensor density on classification accuracy (a) Three-class 

accuracy curve. (b) Full-class accuracy curve. 

 

5.4 Conclusion 

 

In this chapter, we explored significant advancements in the development and application 

of tactile sensing systems, particularly focusing on medical diagnostics and healthcare 

applications. First, we demonstrated that pressure sensors exhibit improved stability when 

subjected to surface modification and encapsulation techniques. These enhancements 

protect the sensors from environmental factors and mechanical wear, ensuring reliable and 

consistent performance over time. Second, our clinical classification tasks involving 12 

distinct classes showcased the high accuracy of the tactile sensing gloves, achieving an 

impressive 99.18%. This result underscores the potential of these gloves in accurately 

distinguishing various physical properties, which is crucial for precise diagnostic 

applications in healthcare. Third, we discussed the potential of the tactile sensing systems 

in more sophisticated healthcare scenarios, particularly in size and shape classification 

tasks. The system's ability to accurately classify different sizes and shapes demonstrates its 

utility in assessing complex tissue properties and abnormalities, offering non-invasive 

diagnostic solutions. Lastly, we established a positive correlation between the size of the 

objects being sensed and the number of active sensors, as well as between classification 
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accuracy and the density of sensors. This finding suggests that increasing the number of 

sensors can enhance the system's resolution and accuracy, making it more effective in 

detailed and complex sensing tasks. 

 

Overall, this chapter highlights the promise of tactile gloves in medical diagnostics, 

facilitated by the integration of advanced sensing technologies, machine learning 

algorithms, and real-time data visualization. The stability-enhanced tactile sensing system, 

combined with the glove's versatility and precision, marks a significant advancement in 

developing intelligent and interactive healthcare tools. 
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Chapter 6 

Conclusions and Recommendations  

 

This chapter summarizes the research findings on advanced tactile 

sensing technologies. Two hypotheses were tested: (1) Dynamic force 

sensing for in-situ measurement of micro-scale surface profile and (2) 

Tactile system for in-situ quantifying object features. Results confirmed 

that piezoelectric sensors accurately sense textures regardless of speed, 

and pressure-sensing gloves with 142 sensors achieved 99.18% accuracy 

in distinguishing stimuli. The research introduces a piezoelectric tactile 

sensor for in-situ quantifying object textures and outlines future work on 

integrating the sensors with robotic systems for real-time surface 

analysis. Additionally, it proposes a ChatGPT-based interactive 

diagnostic glove to enhance patient interaction and diagnostic precision. 

Future studies will focus on refining these technologies for broader 

industrial and medical applications. 
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6.1 Discussion and conclusion 

 

6.1.1 Testing hypotheses  

 

The two hypotheses proposed previously include: 

 

Hypothesis 1: Dynamic force sensing  for in-situ measurement of micro-scale surface 

profile 

 

The hypothesis posits that piezoelectric tactile sensor can effectively characterize textures 

through dynamic force sensing, and thus realize quantitative texture sensing. The use of 

two vibration sensors, calibrated for speed, is proposed to ensure accurate texture 

characterization without requiring machine-controlled systems to maintain a steady speed. 

This approach suggests that the sensors' ability to capture variations in vibration frequency 

and amplitude, induced by different textures, can provide detailed information about the 

surface properties. The hypothesis implies that the system can operate under variable speed 

conditions, offering a more flexible and practical solution for real-world applications. 

 

Hypothesis 2: Tactile system for in-situ quantifying object features 

 

This hypothesis suggests that gloves equipped with a pressure sensing array can facilitate 

quantitative sensing, with potential applications in various fields, including medical 

diagnostics. The relationship between the size of an object and the number of activated 

sensors is hypothesized to be proportional, meaning larger objects would trigger more 

sensors. Additionally, the accuracy of the sensing system is hypothesized to be directly 

related to the precision and density of the sensors. A higher density of sensors is expected 

to provide more detailed and accurate data, enhancing the glove's capability to quantify 

different characteristics, such as size, shape, and surface properties. The hypothesis further 

suggests that such gloves could significantly impact medical diagnostics, enabling precise 

measurement of tissue properties and abnormalities through non-invasive means, thus 

offering great potential for advancements in healthcare technology. 
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6.1.2 Major findings 

 

The major findings of the thesis are summarized below: 

 

1. A novel tool designed to distinguish and calculate two-dimensional information of 

grating textures. This device provides a sensitive and accurate method for sensing 

fine textures by detecting variations in force at the fingertip. One of the significant 

findings is the speed-independence response of the piezoelectric tactile sensor, 

which allows it to deliver consistent results regardless of the scanning speed over 

the textured surface. This characteristic is particularly valuable in practical 

applications where consistent speed control may be challenging. 

 

2. The piezoelectric tactile sensor is capable of grating-texture sensing without the 

need for controlled systems. This approach simplifies the sensing process, making 

it more accessible and practical for various applications, including robotics and 

tactile feedback systems. The research further explores the capability of the 

piezoelectric tactile sensor to achieve three-dimensional pattern imaging. By 

employing a sweeping test, the piezoelectric tactile sensor can capture detailed 3D 

representations of textured surfaces, offering a comprehensive understanding of the 

surface characteristics. 

 

3. The enhanced stability of pressure sensors through surface modification and 

encapsulation techniques, which protect the sensors from environmental factors and 

mechanical wear, ensuring consistent performance over time. A novel tactile glove 

design featuring 142 crosslink-designed pressure sensors was fabricated, providing 

comprehensive and precise detection of pressure distributions. This configuration 

significantly improves the glove's sensitivity and accuracy.  

 

4. In classification tasks involving 12 different classes, the tactile glove achieved an 

outstanding accuracy of 99.18%, underscoring its capability to distinguish between 
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various stimuli with minimal error. This high level of precision indicates the glove's 

potential for sophisticated applications, particularly in healthcare scenarios where 

accurate detection and classification of physical properties are crucial. The research 

also revealed a positive correlation between the size of objects being sensed and the 

number of active sensors, with larger objects activating more sensors, thus capturing 

more detailed information. Additionally, a direct correlation was observed between 

sensor density and classification accuracy, suggesting that increasing the number of 

sensors could further enhance performance. 

 

6.1.3 Implication of current work 

 

The research presented showcases significant advancements in tactile sensing technology, 

with particular emphasis on quantitative texture sensing and the development and 

integration of pressure sensors into tactile gloves. The key findings have several critical 

implications: 

1.  Innovative texture sensing technology: The development of the piezoelectric tactile 

sensor introduces a novel approach to texture sensing. The piezoelectric tactile sensor's 

ability to distinguish and calculate two-dimensional information of grating textures, 

coupled with its speed-independent response, provides a robust method for texture 

analysis. This capability is particularly useful in applications where consistent speed 

control is challenging, such as in manual inspection processes or robotic exploration. 

 

2. Advanced 3D imaging capabilities: The piezoelectric tactile sensor's capability to 

achieve three-dimensional pattern imaging offers a comprehensive understanding of 

surface characteristics, which is invaluable in fields such as quality control and material 

science. This technology allows for detailed inspection and analysis of surface textures, 

which can be critical in industries where surface finish and texture are of utmost 

importance. 

 

3. High-precision sensing in medical diagnostics: The novel design of the tactile glove, 

featuring 142 crosslink-designed pressure sensors, allows for comprehensive and 
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precise detection of pressure distributions. This configuration not only improves the 

glove's sensitivity but also significantly enhances its accuracy in detecting and 

differentiating various stimuli. The achievement of a 99.18% accuracy rate in 

classification tasks involving 12 different classes demonstrates the glove's potential for 

high-precision applications, such as in healthcare settings for detecting subtle changes 

in tissue properties or abnormalities. 

 

6.2 Future work 

 

6.2.1 Real-time in-situ workpiece topography characterization 

 

One promising avenue for future research is the real-time in-situ characterization of 

workpiece topography using the piezoelectric tactile sensor integrated onto robotic arms or 

assembly lines. This application aims to provide immediate feedback on the surface quality 

of workpieces as they are being processed or assembled, which is crucial for maintaining 

high-quality standards in manufacturing. 

 

The integration of piezoelectric tactile sensor technology onto robotic arms allows for 

continuous monitoring and characterization of workpiece surfaces. As the robotic arm 

moves across the workpiece, the piezoelectric tactile sensor can collect detailed surface 

data, including micro-scale patterns, roughness, and other topographical features. This 

capability is particularly valuable in industries such as semiconductor manufacturing, 

aerospace, and automotive, where surface precision and finish are critical. 

 

The real-time in-situ characterization offers several advantages. From the aspect of quality 

Control, the piezoelectric tactile sensor systems can provide real-time feedback and enable 

immediate detection of surface defects or deviations from desired specifications. This 

allows for prompt corrective actions, reducing the likelihood of defective products reaching 

the next stages of production or the market. In turn, this can lead to significant cost savings 

by minimizing waste and rework[1]. 
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With the ideal property of fast scanning speed and large-scale morphology characterization 

compared to atomic force microscopy and surface profiler, the piezoelectric tactile sensor's 

integration into robotic systems facilitates automation, allows for scalable deployment 

across multiple production lines. This technology can be customized to suit different types 

of workpieces and materials, making it a versatile tool for various manufacturing 

environments[2]. The ability to automate surface inspection also reduces the need for 

manual inspection, freeing up human resources for other tasks. 

 

Figure 6.1 Schematic diagram of real-time in-situ workpiece topography 

characterization. 

 

6.2.2 ChatGPT-based interactive diagnostics by tactile sensing gloves 

 

In the realm of medical diagnostics, traditional methods such as inspection, listening, 

inquiry, and palpation are crucial[3-5]. To advance digital palpation in robotic 

diagnostic scenarios, it is essential to integrate these techniques seamlessly. The 

proposed tactile glove doctor represents a novel approach by combining an intelligent 

tactile glove with conversational AI (Figure 6.2c). This system leverages ChatGPT to 

enhance interactive diagnostics, making the process more interactive and effective. 

The Tactile Glove Doctor functions as a sophisticated diagnostic tool that not only 

performs palpation but also engages in dialogue with the patient to gather relevant 

information, thus enabling a more comprehensive assessment. 
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Figure 6.2 (a) Wearable breast modal with abnormal modals inside. (b) Robotic arms 

for integration of 142-channels tactile gloves. (c) Schematic diagram of tactile glove doctor. 

 

The system is designed to be integrated with robotic arms, which are used to test a wearable 

breast examination model. These robotic arms are equipped with advanced sensors and 

actuators to accurately perform palpation based on real-time patient feedback. ChatGPT, 

embedded within the system, acts as a virtual assistant that guides the diagnostic process 

through conversational prompts. For example, it might ask, "What specific area would you 

like to examine?" or "Could you describe the symptoms you're experiencing?" Based on 

the patient's responses, the system employs voice recognition to interpret the answers and 

directs the robotic arms to the appropriate location for examination (shown in Figure 6.3). 

 

This approach aims to enhance the accuracy and user experience of digital palpation by 

combining tactile feedback with patient interaction. Future work will focus on refining the 

voice recognition capabilities and improving the integration between the tactile glove and 

robotic arms. Additionally, exploring other medical applications and diagnostic scenarios 

will be crucial in expanding the system's capabilities. The ultimate goal is to create a 

versatile diagnostic tool that can offer both precise physical examination and responsive, 

patient-centered interaction, thereby advancing the field of non-invasive medical 

diagnostics. 
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Figure 6.3 ChatGPT as a trigger for guidance of interactive diagnostics 
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