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Abstract:  

Living things rely on various physical, chemical, and biological interfaces which 

constitute somatosensation, olfactory / gustatory perception, and nervous system etc.  

They help the organisms to perceive the world, adapt to surroundings, and maintain 

internal and external balance.  Interfacial information exchanges are complicated but 

efficient, delicate but precise, multimodal but unisonous, which have driven 

researchers to clarify the interfacial scientific issues and develop techniques with 

potential application in health monitoring, smart robotics, increasingly complex future 

wearable devices, and cyber physical/human system.  To elucidate these interfacial 

issues, we propose the concept of cyber-physiolochemical interface (CPI) that is 
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capable of extracting biophysical and biochemical signals, and closely relating them 

to electronic, communication, and computing technology, to provide the core for 

aforementioned applications.  This review summarizes the scientific and technical 

progress in CPI, and highlights the challenges and strategies in building stable 

interfaces, including material basis, sensor development, system integration, data 

processing techniques.  We hope to put forward an unprecedented multi-disciplinary 

network of scientific collaboration in CPI to explore much uncharted territory for 

progress, providing technical inspiration - to the development of the next-generation 

personal healthcare technology, adaptive prosthetics and augmentation of human 

capability, smart sports-technology, health and dietary care, etc. 

 

 

1. Introduction 

Living things of any scale, from cells and microorganisms, to plants and animals, 

rely on the continuous internal and external information exchange, such as 

trans-membrane ion transport, viral infection, photosynthesis, and respiration.[1-3]  

The mammalian skin is a typical example of a multifunctional interface to illustrate 

signal exchange, including temperature, humidity and various mechanical signals.[4-5]  

To enable such information exchange interfaces, many elements interact in tandem, 

including stimuli-receptor cells as sensing units, neuron cells as signal processing 

units, and muscle cells as feedback units, which contribute to build up a system with 

adaptation, precise regulation, and durability.[6]  The significances of these interfaces 
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drive researchers to clarify the interfacial scientific issues for potential applications in 

healthcare, rehabilitation, prosthetics, and human-machine interactions.  Sensing 

technology and computing technology, two research branches closely related to signal 

transduction and processing, thrives in recent decades.  Their fusion brought great 

convenience to our lives and even revolutionized human lifestyles.   

Sensing technology transfers the target information to readable output providing 

technical inspiration for signal monitoring.  The earliest sensor dated back to 1880s, 

a thermostat based on structural change principles (Figure 1).[7]  To meet a broad 

range of sensing targets, various sensors emerged, such as the strain gauge based on 

Wheatstone bridge design, silicon pressure sensors based on the piezoelectric 

principle, and glucose meter based on enzyme-catalyzed electrochemical reactions.  

The rapid development of microfabrication technology further impels the emergence 

of microelectromechanical systems (MEMS) with merits of facile integration, 

miniaturization, and multifunction, which is a promising candidate for portable 

biomarker detection.[8-9]  These devices depend on blood-sampling, a painful and 

impractical process for continuous testing to capture the dynamic variations of health 

indicators.  Herein, minimally / non-invasive and real-time sensing methods have 

garnered increasing attention.   

In 2000s, epidermal sensors appeared, as the epidermis contains huge volumes of 

health-related information to be detected with minimal or no invasivity.  Typical 

demonstration was the skin-like pressure sensors based on pyramidal structures,[10] the 

sensing principle of which is similar to pulse diagnosis in traditional Chinese 
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medicine.  To further fully utilize all the information for health indicators, various 

epidermal electrophysiological and biochemical sensors have appeared, such as 

electrocardiogram (ECG), electromyography (EMG), and glucose, lactate, and ionic 

biosensors.[11-13]  Therefore, epidermal biosensor opens a chemosensory window to 

monitor human internal status.  And interfacial matching issues between soft tissues 

and sensors attracted increasing attention considering data fidelity, signal reliability, 

system compatibility, user experience, etc. 

In parallel with sensing technology, information technology  (Although this 

terminology is first appeared in 1958, but device-assistant computation has been used 

to analyze sensory data for thousands of years) can be traced back to the first 

invention of mechanical computer based on punch-card machines in 1800s (Figure 1).   

In 1945, Z4 appears as the world’s first electromechanical programmable-based 

commercial digital computer, designed by Konrad Zuse.[14]  With the advent of 

electronic vacuum tube, Electronic Numerical Integrator and Computer (ENIAC) was 

developed which is the first purely electronic programmable, general-purpose digital 

computer, weighing 30 tons partly due to its more than 17,000 vacuum tubes.[15]  

Thereafter, the wide application of transistors have been completely revolutionized 

computer to more compact machines, which became a commercial success as seen in 

IBM.[16]  It eventually led to an era of integrated circuits, with a surge in high 

performance computers and functional electronics.   

Wearable electronics started with electronic accessories in fashion technology 

such as watch.  The high performance electronics repel the rapid development of 
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wearable activity tracker.  The wearable production chains bring about challenges to 

conventional silicon-based electronics which appeared to be increasingly 

mechanically incompatible with humans.[17-18]  Considering the specific applications 

on soft creatures, mechanical properties such as flexibility, stretchability, and Young’s 

modulus propelled the emergence of soft electronics.[19-23]  To overcome the 

mechanical mismatch of rigid silicon-based electronics, researchers have turned to 

bottom-up strategies in molecular and geometry design, and hybrid systems to 

fabricate flexible, stretchable, and biocompatible electronic systems.[24-27]   

To manage sensory data acquisition and analysis efficiently and smartly, sensors 

and computers converge which gave rise to the concept of cyber physical systems 

(CPS).[28-29]  Cyber is derived from "cybernetic", which originated from the Greek 

word “κυβερνητικός” meaning “skilled in steering or governing”.  In CPS, multiple 

and distinct information is monitored in real time by physical sensors and 

synchronously analyzed through cyber computational sources, where the physical 

world and cyber space (computational and communication resources)[30] are highly 

connected and deeply intertwined.[29, 31-32]  CPS involves interdisciplinary research 

fields, including control, mechatronics, sensing, communication, and computation 

science.[33]  Humans have been playing a more prominent and decisive role in CPS, 

gearing towards a user-centric system which is named as cyber human system (CHS). 

In the human-centric CHS, there are many complicated and dynamic signal 

transduction, exchanging and computing procedures among the human, physical 

sensors and cyber space, which causes a mass of interfacial issues, especially 
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involving soft tissues.  Moreover, these biosignals from human are usually irregular, 

sophisticated, multimodal and constantly changing, which is difficult to collection 

in-situ and understand.  To clarify these challenges, we herein propose cyber 

physiochemical interfaces (CPI) that focuses on the device-tissue interfacial issues 

from the sensing to computing of physiochemical signals (Figure 1).  Cyber in CPI 

has similar meaning with that in CPS which comprises processing, communication, 

and active feedback with aims of understanding or even governing of biosignals. 

 

1.1 Cyber Human System 

As a human-centric smart system, CHS focuses on studying the increasingly 

coupled relationship between humans and computing to enhance the human 

capabilities.[34-35]  It is important to accurately acquire the reliable data from humans 

and their surroundings, and further analyze them by advanced computing to deeply 

understand the role of human in dynamic scenarios, which are relevant to the interface 

between humans and information technology.   

CHS comprises five invisible levels, I) smart connection, II) data-to-information 

conversion, III) cyber, IV) cognition, and V) configuration.[34]  Level I establishes 

methods for acquiring accurate and reliable data from humans and their surroundings, 

forming the basis and initial input for other levels.  Level II focuses on preprocessing 

human-generated data including amplifying, filtering, averaging, and eventually 

transferring the raw data to useful digital signals or relevant features to be used as 

input for computation.  Levels III to V characterize the process from data 
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aggregation from individual human information streams, do data analysis based on 

higher-level understanding of the system, and generate feedback at each level under 

supervisory control to eventually ensure adaptive implementation of decisions.  

These five parts are interconnected and indispensable.  The invisible signal 

exchanges or communication between biosystems and cyber space constitute the basis 

of CHS and play a decisive role in constructing a reliable CHS hierarchy.  All this 

process is really complicated by the subtle structure and complexity of biosystems.  

Therefore, reliable interfaces are highly desired to adapt to such complex 

circumstances for promoting CHS to work efficiently and effectively.  

 

1.2 Cyber-Physiochemical Interfaces 

There are micro/nano biomechanical signals from cell mechanisms, weak 

electrophysiological signals from (de)polarization of membrane potential, and 

biochemical signals produced during complex metabolism.  Recent years have 

witnessed the rapid development in wearable technologies and bioanalysis such as 

body wireless sensor networks, which attempt to extract real-time physiochemical 

information of context-dependent human signals via a minimally/non-invasive way.[36]  

However, the specific on-skin application poses many challenges, such as significant 

inferences, specific designed soft and flexible materials, and dynamic uncertainty.  In 

addition, computing interface to extract meaningful information from biosignals is 

also challenging due to the inherent complexity of sensor data, as well as current 

computing capabilities and infrastructures.  Such interfacial issues are significant as 
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the result fidelity and accuracy are highly dependent on the signal exchange, 

processing and computing at the interface between device and human body (details 

given in section 1.3).  To address these physiochemical interface problems, we 

propose the concept of CPI that is capable of reliably acquiring and analyzing these 

biophysical/biochemical signals for constructing CHS.   

CPI accounts for this signal exchange process which includes (1) converting 

biophysical/chemical clues (electrophysiological, (e.g. electroencephalogram (EEG), 

electrooculography (EOG), EMG and ECG) and biochemical signals (e.g. metabolites, 

ions, proteins, and nucleotide)) to quantifiable (electrical or colorimetric) signals, and 

(2) transforming these quantifiable signals to digital output for computing and further 

providing active response.  To realize this goal, CPI comprises a pyramidal hierarchy 

structure: (1) biochemical/biophysical sensing interface, (2) signal processing and 

transmission interface, and (3) intelligent computing interface.  To make sure the 

interfaces function well, sensors and systems can be exquisite designed via materials 

and geometrical design to endow the interfaces with stretchable, conformable and 

adhesive, biorecognitive, and stable features in both device and system levels.  

Furthermore, advanced computing and communication technologies/architectures, e.g. 

machine learning, edge computing and low power data transmission, will also benefit 

the construction of CPI platform. 

Taking the epidermal CPI as an example, to achieve aforementioned signal 

extraction, CPI generally comprises four basic layers: a buffer layer, a biorecognition 

or transduction layer, a signal processing and transmission layer and a computing 
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layer (Figure 2).  For the buffer layer, it can act as the adhesive, insulation, and/or 

anti-inference layer depending on the application.  For the biorecognition or 

transduction layer, biosignals such as blood pressure, heart pulse, ECG, EMG, or 

metabolite concentrations will be transformed to quantifiable electrical, colorimetric, 

or other identifiable signals.  The detection of biochemical signals relies on the 

specific biorecognition function of biomolecules such as ion-specific ligands and 

metabolite-specific proteins.  The detection of biophysical signals relies on 

microstructured or patterned electrodes that can identify the biomechanical or 

electrophysiological signals, for instance electrode with optimal size for monitoring of 

local muscle activity.  For the signal processing layer, it then transfers these 

electrical, colorimetric, or other identifiable signals to digital signals, through 

peripheral circuits designed with functions of amplifying, filtering, compensation, and 

then eventually converting the raw data to recognizable digital output.  Finally, all 

these signals will be transmitted to the computing layer which conducts intelligent 

data analysis and provides active feedback to users.   

In brief, CPI should possess three identifiable features: (1) matched mechanical 

properties to tissues; (2) reliable biophysical and biochemical signal extraction ability; 

and (3) active feedback via electronic and computing technology (cyber).  Based on 

these features, CPI enables the simultaneously monitor the multiple 

biophysical/biochemical markers and merges these biosignals together for thoroughly 

interpreting their correlation and dynamics, which will benefit the comprehensive 

description of human activity for smart CHS construction.   
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1.3 Interfacial mismatch and incompatibility 

Extracting biosignals from human bodies relies on the information flow from 

human body to devices which involves signal multiple exchanges at different 

interfaces, e.g. between the epidermis and functional layers, and between different 

functional layers.  These interfaces play a vital role in acquiring reliable data, 

realizing real-time monitoring and decreasing signal attenuation.   

The skin can be approximately regarded as a bilayer, namely, the epidermis and 

the dermis (former with modulus of 140-600 kPa; thickness of 0.05-1.5 mm and later 

with modulus of 2-80 kPa; thickness of 0.3-3 mm).[37-38]  The skin surface shows lots 

of wrinkles, creases, and pits with feature sizes of 40 to 1000 m and feature height of 

15 to 100 m.[37]  As the skin interacts with physical devices at macro (bulky tissues) 

and micro levels (cells),[39] there are macro/micro-mismatch issues in terms of 

mechanical, electrical, optical, magnetic, biocompatible properties, and data modality.  

They have a large impact on the aforementioned processes by affecting the signal 

transmission pathway, behavior of interfacial cells, and signal transduction 

efficiency.[29, 40-42]  And the mismatching issue eventual leads to sensing inaccuracy, 

instability, and even device breakdown manifesting itself in strain-induced cracks, 

interfacial gap, and peeling off of devices from tissues (Figure 3a).[43] 

Mechanical mismatching issue is most pronounced, as the majority of 

well-developed sensing and data processing components are based on 

silicon-technologies, which are stable but rigid (several GPa and stretchability less 
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than 5%).  Human tissues show Young’s modulus from tens of KPa to several MPa 

and stretchability from 10% to 100%, for example 0.1-2 MPa and 30-70% strain for 

the epidermis, 0.5-2.5 KPa and 10% strain for the brain, and tens of KPa and 20–35% 

strain for the heart.[44-46]  For on-skin applications, these rigid sensing units failed to 

realize conformable contacts to the arbitrarily shaped skin with dynamic 

deformations.[47]  The strains exposed to the device can cause user discomfort and 

device breakdown or peel-off to release the strain, inevitably inducing instability in 

sensing performance.[48]  Moreover, for implant applications, they require devices to 

be conformal and non-invasive contact with tissues to avoid secondary tissue damage 

and inner inflammation, and decrease external repulsion reactions.  Hence, it is 

highly desirable to develop materials with inherent mechanical properties resembling 

human tissues or devices with adaptive structure to endure mechanical deformations. 

The second issue is interfacial adhesion which affects the sensing stability and 

results fidelity.  Current solutions include fixing electrodes onto the skin via 

mechanical clamps, adhesive tapes, or conductive gels.   And their terminal is 

connected to boxes that include rigid circuit boards, power sources and 

communication modules.  These methods allow the passive attachment of devices 

onto tissues, but neglect the interfacial interactions (e.g. hydrophobic–hydrophilic 

phenomenon and cellular repulsion/attraction), which has significantly effect on 

signal transduction efficiency.[41]  Besides the epidermis/device adhesion issue, 

adhesion between the conductive layers (mostly based on rigid metal electrodes) and 

stretchable elastomer also greatly affects the sensing reliability.  When devices are 
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exposed to strain, conductive or sensing layer is readily separated from the elastomer 

due to weak adhesion, which causes noise augmentation and sensing instability 

problems. 

The third issue relates to incompatibility in performance.  Epidermal signals are 

generally weaker than that in human bodies (signal source) due to signal attenuation 

(biomechanical and electrophysiological signals) and complicated metabolites 

processes.  Surface electrophysiological signals generally show a potential of mV or 

V level and these signals are rather complicated by neighbouring active cells.  For 

example, surface EMG (sEMG) is influenced by adipose tissue and limited by muscle 

cross talk issues, which has difficulty in detecting deep muscles activities, calling for 

high sensitivity and fidelity sEMG sensors.[49]  As for biochemical signals, the 

concentration of biomarkers in perspiration or saliva is generally one order of 

magnitude lower than that in blood, e.g. glucose is found at 0.06–0.11 mM in sweat, 

0.23–0.38 mM in saliva, 2.78–5.55 mM in urine, 3.9–6.6 mM in interstitial fluid and 

4.9–6.9 mM in blood.[50]  This poses a great challenge for biosensing techniques 

without using lab-confined sensing techniques.  Apart from sensing performance, 

issues on the signal processing, transmission, system integration, and data analysis 

also require further efforts.  

CPI refers to a platform that integrates interfaces at different functional levels with 

properties compatible to tissues, including the biochemical or biophysical sensing 

layer, signal transmission layer, and computing layer. With carefully controlled 

interfaces between different components, novel physical phenomena and 
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functionalities can be exhibited which cannot realized by either of the constituent 

component alone such as high efficiency and fidelity in data transmission.  In this 

review, efforts and strategies on biophysical/biochemical signal acquisition and 

processing for CPI are summarized, including approaches to achieve high 

stretchability, adhesion, biorecognition, and durability via utilizing bottom-up 

molecular, geometry design, system integration and optimization, and data computing. 

Based on signals modality and detection methods, we first discuss materials 

development strategies, then the stretchable and conformal sensors for cyber 

biophysical interfaces as well as flexible and patchable biosensors for cyber 

biochemical interfaces, followed by system-level integration and data computing for 

CPI.  With the vital role of CPI in CHS in mind, we intend to draw more attention to 

the physiochemical interfaces for utilizing and understanding these significant 

biosignals via a real-time, non-invasive, reliable, durable, and intelligent way. 

 

2. Materials development for CPI 

Materials are the basis for constructing CPI system with multilayer stretchable 

functional units.[51-52]  Researchers have turned to designing materials with 

compatible mechanical properties via various approaches such as molecular and 

geometry design, nanomaterial network manipulation, and hydrogel based 

electrodes.[53-55]  Molecular design is a bottom-up approach, where both elastic and 

rigid units are rationally designed to dynamically tune the mechanical properties 

(Figure 3b).[56-61]  When exposed to strains, the non-covalent 2,6-pyridine 
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dicarboxamide (PDCA) moieties with hydrogen bonding dissipate energy via bond 

breakage and the conjugated backbones in the polymer maintain the high charge 

transport abilities.  Supramolecular provides even more rich molecular combination 

choices.[61]  One typical example is combining soft polytetramethylene glycol and 

tetraethylene glycol chains, as well as strong reversible quadruple hydrogen-bonding 

cross-linkers with molar ratio from 0 to 30%.[62]  The polymer could withstand a 

strain of up to 17 000% and show fracture energy of ∼30 000 J/m2, which acts as a 

satisfactory stretchable substrate with high interfacial adhesion for gold electrodes.  

Molecular design provides self-programmable stretchability but is generally 

applicable to polymeric materials and highly dependent on careful molecular design 

and extensive synthesis experience.   

Liquid metals such as Gallium and its alloys exhibit intrinsic flexible, soft, 

stretchable, and reconfigurable features which allow them as good candidates for 

stretchable wires and interconnects, conformal electrodes, soft sensors, 

shape-reconfigurable antennas, and self-healing circuits.[63-65]  Despite being a liquid, 

a surface oxide outer layer with several nm scale is very helpful for facile pattern 

processes including non-spherical shapes by using fluidic injection or 3D printing 

techniques.[66]  Due to the fluidity and electrochemical activity, encapsulation is 

necessary and also not applicable for extracting electrophysiological or biochemical 

signals which requires direct a conductive path with electrodes.  

Besides design strategies on the molecular level, nano or micro-materials, 

including particles,[67] nanowires,[68-70] two-dimensional materials[71-72] and their 
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composites,[73-74] are able to dynamically tune the strain distribution via conductive 

nano/micro networks.  For example, based on silver nanoparticles (Ag NPs), a 

printable elastic conductor was reported to exhibit conductivity higher than 4000 S 

cm-1 at 0% strain and 935 S cm-1 when exposed to 400% strain (Figure 3c).  The 

decent conductivity upon stretching is attributed to uniformly dispersed Ag NPs 

which improve the electrically connection between micrometer-sized Ag flakes and 

suppress crack propagation from the reinforcement effect of Ag NPs.[75]  Nanowire 

(NW) conductive materials e.g. carbon nanotubes (CNTs),[76] Ag and Cu NWs,[68, 77-79] 

and conductive polymers[80] are also promising candidates for stretchable and foldable 

electronics by sliding and/or changing the network shapes.  Despite the 

achievements in conductivity and stretchability, there is still much room for 

improvement for stability due to potential delamination and inherent instability of 

these materials.  

Geometric design for fabricating stretchable electronics has been proven 

successful as it is a general way to transfer traditional rigid materials (Silicon, metals) 

to stretchable devices.  This strategy is based on mechanical stretchability, where the 

strains are dispersed by the pre-designed shapes, such as the “island–bridge” structure 

with serpentine geometry, origami and kirigami, and spontaneously formed mesh 

networks, waves, wrinkles and cracks (Figure 3d).[81-87]  The “island–bridge” 

structure can achieve high stretchability by providing mechanical isolation on the 

islands which protects the functional components.  This strategy is widely used for 

system level integration which will be discussed in Section 5.[88-89]  Precisely 
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engineered buckling geometry can produce various self-programmable semiconductor 

nanoribbons without being limited by the intrinsic rigidity of materials.  Typically, 

the preparation of nanoribbons of GaAs and Si uses lithography and surface chemistry 

to control the adhesion sites on elastic supporting substrate.  When the elastomer 

deforms, these adhesion sites enable the local displacement of nanoribbons with 

controlled geometry.[89]  Modification or evaporation of conductive layer on 

prestretched elastic substrates randomly produces wrinkles which also contribute to 

stretchability.[90]  Using this prestretching method, stretchable polymeric 

microelectrodes such as the polypyrrole (PPy) electrode was produced with high 

stretchability (100%).[45]  Similar to ancient paper folding art, the origami and 

kirigami approach was proposed for stretchable electronics with advantages such as 

high throughput, large deformability, and comparable performance to rigid 

electronic.[91]  Unlike the island–bridge design, the origami and kirigami approach 

does not use elastomers and is compatible with well-established manufacturing 

processes.  

Cracks generally refer to material defects which lead to decreased homogeneity, 

increased resistance, performance decay or even device failure.  However, regarding 

stretchable electronics, cracks are a powerful strategy for forming stretchable 

conductive network.[92]  The randomly formed cracks distribute the strains, which 

benefits the formation of continuous conductive paths of Au films.[93]  Similarly, 

nanomesh is also a conductive network that is resistant to mechanical deformation.  

For instance, based on grain boundary lithography technologies, Au nanomesh 
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electrodes exhibits highly stretchbility with sheet resistance in the range from 21  

per square to 67  per square upon 160% of strain.[94]  Besides, nanomesh can also 

allow gas-permeable, ultrathin, lightweight properties which could be laminated onto 

skin for long term monitoring applications (Figure 3d).[95] 

Compared with electronic conduction widely used in current electronics, ionic 

conduction is a prevailing mechanism in nature.  It is advantageous in terms of its 

inherent stretchability, biocompatibility, and conformability at macro- (tissues), 

micro- (cells), and molecular scale.[38, 96]  By combining ionically and covalently 

cross-linked networks, supramolecular polymeric hydrogel exhibits stretchability up 

to tensile strain ∼2000% and fracture energy of ∼9000 J/m2.[97]  Besides, the ionic 

conductors are fully transparent, and capable of operation at high frequency (>10 kHz) 

and high voltage (10 kV) (Figure 3e).[96]  One shortcoming is dehydration in 

hydrogels, inevitably altering the hydrogen bonds and ion transmission that lead to 

adverse changes in stretchability, adhesion and conductivity. 

 

3. Stretchable and conformal sensors for cyber biophysical interface 

Based on aforementioned stretchable strategies, various functional 

physiochemical interfaces are constructed for monitoring biophysical signals.  

Biophysical signals can be classified into biomechanical and electrophysioloical ones.  

The former includes body movement such as acceleration, angular rate of rotation, 

blood pressure, heart rate, and body temperature, while the latter includes 

ballistocardiography, electroencephalography (EEG), electrocardiography (ECG), and 
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electromyography (EMG).  Based on the difference in sensing principle, strategies 

for biomechanical and electrophysioloical sensors construction are discussed 

separately. 

3.1 Biomechanical signals sensing interface 

The monitoring of biomechanical signals generally relies on sensing the epidermal 

mechanical deformations.[98]  There are two challenges: 1) achieving high sensitivity 

and accuracy upon receiving subtle or weak signals from human bodies, and 2) 

enhancing interfacial adhesion for high stability during continuous dynamic testing 

(Figure 4).   

3.1.1 Deformation regulation for high sensitivity 

Deformation regulation is a main strategy for enhancing device sensitivity 

(Figure 4a-d).  The human finger has numerous grooves and furrows contributing to 

our sensitive tactile perception.  Inspired by these microstructures, microstructured 

pressure sensor was proposed.  Elastomers with pyramidal structures were exploited 

as the functional layer for flexible, capacitive/piezoresistive pressure sensors which 

exhibit high sensitivity (several Pa) and response times at millisecond range.[10, 99]  

The high sensitivity toward very low pressures was explained by the finite element 

analysis showing von Mises stress distribution, indicating rapidly changing shapes 

when exposed to a relatively small pressure.[100]  Their pressure sensitivity is tunable 

by changing the sidewall angle and the separation of pyramidal microstructures which 

far surpassed that of unstructured elastomeric films with similar thickness (Figure 

4a).[101]  The flexible and sensitive sensors capable of perceiving interfacial pressure 
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signals are widely applied in pulse monitoring, blood pressure testing and 

human-machine interface.[102-103] 

Tuning strain distribution via deformation regulation is also proven to be a 

powerful strategy to obtain high sensitive strain sensors.[104-106]  For example, in 

terms of fiber-shaped strain sensors, a surface strain redistribution strategy based on 

microbeads on fibers is proposed for increasing sensitivity (Figure 4b).[107]  

Microbeads rearrange the strain along the fibers leading to the strain concentrated at 

the end of beads.  The local strain results in longer microcracks formation in 

conductive films.  In this way, the sensitivity is significantly enhanced by 

microbeads compared to fibers without microbeads. 

Besides the one-dimensional strain distribution, there are also methods aimed to 

two-dimensional film, such as auxetic mechanical metamaterials.  For tradition 

elastic film, it expands longitudinally but compresses in the transverse direction.  

Expansion separates the conductive materials while Poisson compression squeezes the 

conductive materials.[108]  Hence, the former contributes to sensitivity but the latter 

intrinsically limits the sensitivity.  The interesting feature of auxetic mechanical 

metamaterials is their two-dimensional expansion due to their negative structural 

Poisson’s ratio.  Their bidirectional expansion promotes the separation of conductive 

materials and enhances the sensitivity of strain sensors by 24-fold (Figure 4c).[108]  

These stretchable strain sensors can be attached on neck muscles (Figure 4d), which is 

useful for the diagnosis of damaged vocal cords, respiratory disorders, and throat 

cancers.  These sensors laminated on wrists can assist in diagnosis of Parkinson’s 
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disease, hyperactivity, and tremor in epilepsy.[109-110] 

3.1.2 Enhancing interfacial adhesion for high stability 

Besides matching sensor sensitivity to human biomechanical signals, enhancing 

interfacial adhesion also greatly benefits the sensing of biomechanical signals, 

especially in terms of transmission stability and data fidelity.  Due to the existence of 

nonflat surfaces and fine topology on tissues, non-conformal contact between devices 

and tissues commonly exist.  Air gaps at the device-object interface would reduce 

the contact area which potentially induce noise and artifacts, thus compromising 

signal fidelity.[88]  Furthermore, due to low interfacial adhesion, strain-induced 

peeling off of sensing film from skin can even lead to device breakdown.  Hence, 

enhancing interfacial adhesion is necessary for ensuring biomechanical signals are 

transmitted to the device with high stability and fidelity.  

Geckos show extraordinary adhesive capabilities based on millions of adhesive 

setae on their toes, each made up of hundreds of 200 nm spatular tips to enable the 

intimate contact with both rough and smooth surfaces.  Inspired by these, adhesive 

microstructures were introduced for enhancing the interfacial skin-adhesion.  

Microhair sensors display signal-to-noise ratio (SNR) enhancement of 12 folds by 

maximizing interfacial contact of sensors to the irregular epidermal surface (Figure 

4e).[111]  Apart from microstructure design, surface modification is also a powerful 

strategy to increase interfacial adhesion.  For example, the mushroom-shaped 

vinylsiloxane tips on microfibers further improves skin adhesion (adhesion strength of 

18 kPa) at cellular lever, which further enhances the SNR to 59.7 (Figure 4f).[112]  It 
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is noted that introducing a transient layer helps to increase data fidelity by enhancing 

adhesion, but may slightly impair sensing sensitivity due to the buffer effect of 

transient elastic microstructured layer towards mechanical deformation.   

Meanwhile, the interfacial adhesion between conductive materials (e.g., metals 

and CNTs) and elastomer (e.g., polydimethylsiloxane (PDMS) and styrene ethylene 

butylene styrene (SEBS)) inside the device also matters, especially for thin metal film 

electrodes on elastomer.[113]  Their huge difference in physical and chemical 

properties influences the inherent device stability (e.g. Young’s modulus of tens of 

GPa for gold while several MPa for PDMS).  To solve this electrode and elastomer 

interfacial adhesion problem, a nanopile interlocking strategy by biomimetic roots 

was developed, which contributes to the high interfacial adhesion.[114]  In the 

meantime, the roots embedded in the elastomer alleviate strain concentration in the 

conductive film, restraining the cracks formation, which contributes to high 

stretchability (Figure 4g).[114]  Enhancing interfacial adhesion eventually contributes 

to the stable collection of weak epidermal biomechanical signals.  Applying 

conformability to an ultrasonic device allows the capture of blood pressure 

waveforms with long-term stability at embedded arterial and venous sites with depth 

of ~4 cm.[115]  These signals contain important diagnostic information such as 

deep-lying internal jugular venous pulses which are helpful for real-time monitoring 

of the user’s state of health (Figure 4h).[111]   

3.2 Electrophysiological signals sensing interface 

Electrophysiological signals refer to the electrical fluctuations of human body that 
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originate from the ions movement.  The electrical fluctuations occur across many 

different scales, including single ion channel proteins, neurons, and whole organs 

such as heart.  Based on testing electrophysiological signals, techniques such as 

electroencephalography (EEG), ECG, EOG, and EMG are proven as effective 

methods for monitoring neurological disorders, cardiovascular diseases, cancers and 

stroke.[116-117]  Typically, EEG signals show signal frequency bandwidth between 1 

and 50 Hz, amplitudes of about 100 μV on the scalp and 1–2 mV on the brain surface  

containing much information related to brain activities.[118]  The equivalent circuit 

model assumes that there are a lead resistance and a parallel RC circuit at the contact, 

and capacitive impedance (Figure 5).[119]  Current technologies use bulky electrodes 

with complex electronic auxiliaries which is unsuitable for out-of-lab testing and 

unpractical for long-term testing due to skin irritation problems.[37]  Moreover, there 

is pronounced mechanical discrepancy in cell–electrode interface such as ∼6 orders of 

magnitude difference in Young’s moduli.  This is adverse for the interfacial 

conformal contact and thus the smooth signal flow pathways. [120-121]  Implantation 

of nanoelectronics have proven that the intimate contact between electrode and cells 

via 3D organogenesis allows us to observe the synchronically bursting dynamics in 

human cardiac organoids.[122]  Hence, researchers hope to search for a soft 

electrophysiological interface capable of transducing weak electrical signals from 

cells to epidermal devices with high fidelity.  

3.2.1 Enhancing conformability for sensitivity 

Enhancing conformability has been proven to increase the electrophysiological 
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signals sensing sensitivity.[123-124]  The conformal contact of device on epidermis 

helps the formation of the conductive signals transduction pathway.[125-128]  Apart 

from the aforementioned conformable contact in the biomechanical signal testing, 

conformal functional elements should also exhibit ionic or electrical conductivity to 

transduce electrophysiological signals.  Hence, researchers need to (re)discover 

conductive materials or composites with inherent conformability. 

Size modulation such as decreasing diameter and material thicknesses is 

commonly used to achieve conformability enabled by strain engineering.[125, 129]  In 

neuron activity recording, electrodes with the neuron-like dimensions shows reduced 

mechanical stiffness by 5–20 times compared to reported flexible probes, which 

allows the probing and modulation of electrical and chemical signals at subcellular 

scale (Figure 5b).[130-131]  Decreasing thickness is widely used as bending strains are 

in reverse proportional to thickness.  In principle, any material could become flexible 

when it is thin enough.  Si ribbons with thicknesses of 100 nm become flexible and 

withstand bend radii of 1 cm where peak strain is 0.0005%.  The decrease in bending 

rigidity eventually benefits conformal contact which is helpful for signal recording.[132]   

By using thin Au serpentine (50 nm thick) or PIN diodes on nanoscale silicon 

membranes (320 nm thick), a skin-like sensor/actuator was achieved which is 

conformal to epidermis and allows the accurate, continuous thermal mapping (Figure 

5b).[133]  An ultrathin electronic tattoo based on piezoelectric polymer with 28 μm 

thickness realizes the synchronous electrocardiogram and seismocardiography 

measurements.[134-135]  Interfacial conformal attachment to the skin mainly is based 
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on van der Waals forces which indicates this film can be easily peeled off.  Another 

advantage for matching young’s modulus is users’ attach-and-forget experience as 

these devices are mechanically invisible.[133]  Despite the improvement in 

conformability, handling the ultrathin film is quite difficult due to the tendency of 

curling to decrease surface energy.  Moreover, it is impractical to fabricate arrays or 

conduct systematic integration on ultrathin geometries as thin films (<10 m) are not 

sufficiently self-supporting.   

Natural biomaterials exhibit natural abundance, biocompatibility, 

biodegradability, bioresorbability, and being light-weight, which provide inspiration 

as building blocks towards next-generation flexible, biocompatible, biosustainable 

electronic devices as well as biological-related applications, e.g. epidermal sensors, 

diagnostics and therapy, prosthesis, rehabitation, and brain–machine interfaces.[136-138]  

The high mechanical flexibility and robustness allow devices to harmoniously attach 

onto the curved and soft tissue surfaces for high-fidelity data readout.  Moreover, 

their biocompatibility relieves allergic reaction or inflammatory responses as well as 

avoids noise caused by device-induced irritation of tissue.    

Silk, as a typical natural polymer, has attracted increasing attention due to the 

aforementioned merits, as well as mild aqueous processing and facile 

chemical/biological functionalization.[139]  Recent works have demonstrated silk 

film-based transistors and various photonic devices.[139-140]  Based on the 

bioresorbablility of silk fibroin, when used as substrate for ultrathin electronics, silk 

will dissolve and resorb which initiates a spontaneous, conformal wrapping to tissue 
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surface driven by capillary forces (Figure 5c).[141]  By controlling the plasticization 

by ambient hydration and calcium chloride (CaCl2) amount, Young’s modulus of silk 

protein is tunable from tens of GPa to 0.1–2 MPa and stretchability is from <20% to 

and >400%.[109]  As revealed by molecular dynamics simulations, doped ions and 

H2O weaken the strength of crystallite and enhance the extension ability of secondary 

structures of amorphous domain.  By further evaporating Au on soft silk substrate, 

the achieved devices with good conform contact to epidermis enables the dynamic 

on-skin EMG signal recording with high-quality.[109] 

Hydrogels represent an almost ideal candidate for mechanically compatible 

electrodes due to their inherent softness similar to tissue.  The limitation here is the 

low conductivity of most hydrogels, especially for electrophysiological recording 

application.[62]  Using poly(3,4-ethylenedioxythiophene) polystyrene sulfonate 

(PEDOT:PSS) modified with a highly conductive ionic liquid to improve the 

conductivity, conductive hydrogel electrodes with micropillar structure are 

achieved.[62]  These hydrogel electrodes showed tissue-like Young’s modulus, 

improved signal amplitude and SNR, compared with rigid iridium oxide micropillar 

electrodes of the same diameter, which provide an ideal mechanical 

microenvironment for fundamental cardiac and neural researches (Figure 5d). 

3.2.2 Impedance reducing for high fidelity 

During electrophysiological measurement, the signal is transduced from ionic 

conductor to electronic conductor in the tissue-electrode interface.  For 

frequency-dependent electrophysiological signals, interfacial impedance that 
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comprises resistance and reactance is used to evaluate how effective the charges are 

transferred from the body to the electrode.  By superposition of all concurrent 

activities of neurons, a quantitative description of local field potentials is obtained,[142] 

illustrating that reducing impedance helps to improve electrophysiological monitoring 

performance, which are widely validated by many works.[143-147]  For individual 

neuron cellular testing scenario, tuning the electrode capacitive characterize improves 

the high-fidelity of recording and stimulation.[148]  In addition, optimization of the 

external measurement setup (e.g. amplifier) benefits the signal fidelity, but this part is 

mainly focused on the strategies for improving interfacial capacitive and resistive 

characteristics.[143, 149]   

Surface modification is effective to decrease impedance by using hydrophilic 

materials with high porosity and charge storage capacity, such as 

hydrophilic-modified graphene electrode,[150] poly(3,4-ethylenedioxythiophene) 

(PEDOT),[151] nanoporous gold multiple-electrode arrays,[152] iridium oxide 

modification with enhanced charge storage capacity[147], and Pt coating on Si with 

reduced access impedance for intracellular electrophysiological signal monitoring 

(Figure 5e).[153]  Typically, carbon nanotubes have been reported to decrease 

impedance from 940 k to 38 k at the frequency of 1 kHz which means the 

augment of charge transfer by ~40-fold (Figure 5e) in such biological significant 

frequency.[154]   

Conjugated polymers is another kind of candidate material with low 

impedance.[155]  The conductivity of polymers relies on the delocalization of 
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electrons and the doping process along π-bonded conjugated backbone, which allows 

them to be both electronic and ionic conductor.  Their high transconductance 

facilitates biosignal transduction from the cell to the recording electrode.[80, 156]  

Polypyrrole (PPy) nanowires/ PPy film electrode shows a lower impedance than bare 

Au or PPy/Au electrode, high stretchability (100%), and high interfacial adhesion 

(1.9 MPa) (Figure 6f).[45]  The polymeric microelectrode arrays are successfully 

applied in differentiating a normal rat from epileptic rat by in vivo recording 

electrocorticograph (ECoG) signals and stimulating the rat ischiadic nerve.[45]  

Besides, polyaniline, polythiophene derivatives such as 

poly(3,4-ethylenedioxythiophene) doped with poly(styrenesulfonate) 

(PEDOT:PSS)[156] are also well-established for electreophysiological signals.  One 

more thing to be considered is the toxic residual monomers or oligomer and stability 

of electroactive polymers which might be adverse for constructing biocompatible 

interfaces.[157] 

For biointerfaces that are soft, wet and ionic conductive, ionic hydrogel has been 

widely used in signal transduction due to their similarity with tissues.[142, 158-159]  

Despite their advantages, pure ionic hydrogels exhibit slow ion movement, and thus a 

slow response time and high resistance, which limits their application in recording 

high-speed (> 1,000 Hz) signals and electrical stimulation.[160]  Efforts have been 

made to enhance their electronic conductivity by combining CP in hydrogel via 

printing, coating, or in situ polymerization.[161-162]  For example, an ion gel film with 

an interconnected PEDOT:PSS network shows electrical conductivity of 47.4 ± 1.2 S 
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cm−1.[39]  Electrode arrays comprised of aforementioned hydrogel exhibit a 

significantly reduce in interfacial impedance, a ~30 times higher current-injection 

density compared to that of Pt electrodes.[39]  These features allow the electrical 

stimulation of the sciatic nerve in live mice at localized low-voltage (Figure 5g).  

The dehydration of hydrogel was another issue that causes hydrogel delamination and 

damages the stability.  Using multilayer elastomer encapsulation is reported to 

suppress the dehydration and store for several months in the dry state, which should 

benefit long-term testing.[163]   

To sum up, electrophysiological signals can be detected via biopotential electrodes 

which convert ionic currents to electric currents at the interface between biological 

systems and measurement instruments.  Good conformal contact helps to enhance 

sensitivity which can be achieved via decreasing film thickness, developing soft 

materials, and tissue-like hydrogel strategies.  Decreased interfacial impedance via 

modified metal electrodes, polymeric electrodes, and ion-conductive hydrogel are 

other powerful ways to obtain electrophysiological signals with high fidelity.  

Moreover, long-term monitoring of biopotential is meaningful to comprehensively 

understand the working bodily functions and disease pathologies.  There is still 

plenty of room to improve the durability of biopotential electrodes when exposed to 

epidermal secretion, continuous stretching, and even scratching.  In addition, 

depolarized Ag/AgCl is widely used in commercial applications and clinical 

diagnostics as it shows a much more stable potential than other polarized metal 

electrodes.  Enhancing the compatibility of Ag/AgCl with the aforementioned 
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elastomer and hydrogel system is believed to further push the transformation of 

research outcome to reality.  

 

4. Flexible and patchable biosensors for cyber biochemical interface 

Besides biophysical signals, there are numerous biochemical signals such as 

metabolites, proteins and nucleotidse that provide a window to reflect our overall 

well-being including state of health, the environment, and food safety.[164-166]  For 

instance, glucose for diabetes, chloride for cystic fibrosis, human 

chorionicgonadotropin (hCG) for pregnancy, carcinoembryonic antigen (CEA) and 

prostate-specific antigen (PSA) for cancers, breath ethanol for drunk driving, and 

volatile organic compounds (VOC) for indoor air quality.[167-172]  It is noted that 

these indicators do not work independently and have huge interconnection with each 

other.  Hence, building CPI platforms capable of measuring the biochemical 

indicators and revealing their correlations precisely (at the molecular scale) and in 

real-time (with dynamical changes) reflect not only our internal health and external 

safety but also provide guidance for detecting diseases early, developing healthy 

lifestyles and smart living environment.  To build CPI platforms for biomarkers 

monitoring, there are three critical aspects: biomarker identification, sample collection, 

and target detection, discussed in details as follows (Figure 6). 

4.1 Biomarker identification 

Biomarker identification includes the correlation between biomarkers and diseases, 

the specificity of biomarkers to certain diseases, and general availability of 

biomarkers, all of which are prerequisites for building CPI.  Generally, to obtain 
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these information, researchers rely on extensive sample testing via well-developed 

techniques such as gas chromatography or liquid chromatography linked with mass 

spectrometry to select characteristic peaks for component identification.[173]  Based 

on the chemical structure analysis for different samples, data processing then provides 

the quantitative correlation of biomarkers for certain diseases.[174]  Next, the most 

representative biomarkers will be clinically validated for their feasibility by 

comparing with other gold-standard indices (Figure 6). 

Even though rich information exists in perspiration, saliva and tears, the useful 

biomarkers reported so far have been limited to metabolites (glucose, lactate, uric acid, 

ethanol) and ions ( Na+, K+, H+, NH4+, Ca2+, Cl-).[175-176]  Hormones, proteins, and 

peptides are rarely reported due to their trace amounts, but which could provide 

deeper physiological insight into homeostasis mechanisms and the body’s overall state 

of health.  For instance, Neuropeptide Y (NPY)[177] involved in the body’s stress 

response and interleukin 6[178] in the immune system could be promising candidates 

for future detection for depression, and injury or infection, respectively.  

On the other hand, the biomarkers at these sites are more susceptible to external 

changes and human activities compared to that in blood with a mesomeric state.  

Hence, dynamic changes of the biomarker, and individual variations in the specific 

applications can complicate the target identification process.  Currently, the rapid 

development of data-mining techniques on large sets of sensor measurements 

provides new opportunities to identify correlations between sweat analytes and health 

status in such a complex context.  By utilizing big-data approach, information such 
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as biomarker-disease correlation in sweat analytes can be reverse-engineered from 

amassed data without a priori knowledge of their biochemistry and metabolism.[179]  

CPI platforms combining sensing elements with data mining are expected to add 

value to conventional target identification procedures by fully incorporating these 

dynamic changes and individual variations.   

4.2 Quantitative sample collection 

Quantitative sample collection is directly related to the reliability of biochemical 

sensors due to uncertainty of sweat gland density, sweat rate, and potential sweat loss.  

Sample collection has to be continuous, precise, non/minimally invasive, and 

real-time (Figure 6).  The standard protocol begins with sweating stimulation by 

pilocarpine iontophoresis, followed by sweat collection on a filter paper or gauze pad.  

The sample was then weighed, treated (filtration and elution) and analysed in the 

laboratory using various clinical analytical methods.[180]  The sample transporting 

process inevitably leads to a high incidence of error due to potential sweat 

evaporation and component changes induced by bacterial degradation or chelation.  

The Macroduct sweat collection system is a common method where sweat is collected 

in a coil, making it possible to measure the total solute concentration on raw sweat 

samples in-situ by osmolarity or conductivity.[181-183]  But this system is bulky and 

the procedures are uncomfortable.  The development of soft materials and micro 

manufacturing technology has enabled conformal interfaces to the epidermis and 

facilitated ambulatory modes for real-time sweat extraction and analysis. 

Recently years have witnessed the rapid development of epidermal microfluidic 



32 

technologies with thin and mechanically soft features which can robust, water-tight 

integrated with epidermis.[184-186]  Specifically, these microfluidic systems can 

capture and store sweat of L scale driven by natural perspiration and capillary force 

without using traditional pumping procedures.[187]  Microchannel design through 

valves, mixers, reservoirs, channel geometry, and other components are helpful for 

quantitative detection of perspiration rate and spatiotemporal sampling process.[187]  

They enable the local sweat chemistry analysis, the sweat rates evaluation, and 

dehydration status monitoring with single-gland resolution.[184, 188]  

Another issue is that the perspiration rate from 12 to 120 L/(h cm2) is highly 

depending on the physical activities and the mounting location on the body.[188]  

Sweat is inaccessible in sedentary individuals, hence it is difficult to leverage rich 

source of information, especially if large volumes (10 L) of sweat are needed.  To 

make this process easier, an electrochemically enhanced iontophoresis technology is 

proposed which could extract sufficient sweat in sedentary individuals for robust 

analysis.[189]  This interface shows programmable extraction rate up to 100 nL/(min 

cm2) via both continuous or periodically way.  In order to further enhance the 

technique reliability based on perspiration, hyaluronic acid (HA) penetration was 

introduced in the iontophoresis process using electrochemical twin channels (Figure 

7b).[190]  It is reported that HA increases the osmotic pressure of interstitial fluid (ISF) 

which enhanced intravascular blood glucose refiltration and refrained the reabsorption 

at the arterial and venous ends, respectively.  In this way, HA penetration leads to 

increased amount of glucose filtrated into the ISF which improves the correlation of 
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sweat glucose with blood glucose.[190]  

4.3 Target detection 

The collected samples are then subsequently used in benchtop equipment such as 

mass spectrometry, spectrophotometer, electrochemical measurement, chloridometry, 

or other analytical methods.  Among them, electrochemical and colorimetric outputs 

are most feasible to be miniaturized into portable and wearable modality such as 

tattoo-based perspiration sensor,[191-193] wearable mask-based breath sensor,[168] 

contact lenses-based tear sensor,[194] mouth guard-based saliva sensor[195] and 

epidermal sensor integrated with therapy systems[196] (Figure 6).[197]  Taking the 

glucose biosensor as an example, the catalytic oxidation of glucose by glucose 

oxidase in the presence of oxygen (electron mediator) produces H2O2 (oxidized 

mediator).  The redox reactions of H2O2 on the electrode or with dyes then generate 

a readable current or colorimetric signal which is utilized for quantitative analysis 

(Figure 7a).[171-172]  Even though these sensing mechanisms and techniques are 

well-known and even commercialized, there are still key challenges when tested on 

wearable prototypes due to unexpected deformations and environmental variations.   

The bio/chemical sensing process relies on the biomolecules or functional ligands 

to recognize specific targets, such as glucose oxidase for glucose, lactate oxidase for 

lactate, and ion-selective ligands for ions.  Hence, maintaining highly-active 

biomolecules or ligands is important for achieving highly-sensitive and stable 

biosensors.  As the intrinsic activity of biomolecules is highly dependent on pH, 

temperature, ionic strength, and (protein) deformations, physical calibration is 
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generally required at epidermal application where the aforementioned parameters vary 

significantly (Figure 7c).[27, 198]  The fully integrated wearable sensor arrays 

incorporating glucose and lactate sensors with pH and temperature calibration marked 

a milestone for wearable biosensors with physical calibration in-situ.[27]  Based on 

the calibration platform, other sensing systems for uric acid, ascorbic acid, Zn2+, Cd2+, 

Ca2+, and even sensing and therapy systems have been reported.[167, 196, 199]   

Apart from biorecognition reactions, signal collection is also crucial for a stable 

biosensing interface (Figure 7c).  For electrochemical sensing, a potential is applied 

on the system and the current or potential output is detected, based on a 

three-electrode or simplified two-electrode device design.  Hence, the potential shift 

directly influences the output signals by affecting the reaction thermodynamics 

according to Nernst equation.  For on-skin application, human activities inevitably 

cause strains to the connectors, leading to resistance increases which alters the 

potential applied on the reaction interfaces and eventually leads to performance 

variations.[198]  Screen printing of conducting inks with serpentine structure 

combines intrinsic and geometry-induced stretchability, which could sustain stable 

electrochemical interface after repeated mechanical deformations (500% strain).[200-201]  

This method was successfully applied to stretchable biosensors for perspiration 

glucose, ethanol, caffeine, etc. with potentials in both healthcare and chemically 

sensitive robotic skin.[202-203] 

On the other hand, as the reference electrode (RF) potential is highly dependent 

on chloride concentration, to avoid potential shift, an optimized salt bridge has been 
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proposed to minimize equilibration between RF and the solutions.[204]  Taking the 

advantages of salt bridge, reliable Cl- testing (40 mM) during 1 h continuous 

exercise was realized compare to rapid increase in Cl- detected by traditional devices 

without using a salt bridge.[204]  In addition, the salt bridge that is helpful for 

maintaining a stable RF potential is also meaningful for the stability of other 

metabolite electrochemical biosensors.  

For colorimetric sensing, the signals rely on target-induced color changes of 

biosensing pattern which is susceptible to many factors that influence pattern 

colorimetry.  Reference color markers such as white and black are used for to white 

balance, to calibrate for environmental influences and eliminate the variations caused 

by lighting conditions (e.g. daylight, shadows, and ambient light sources).[188]   

To summarize, stable biosensing interfaces are challenging considering the 

stability of recognitive biomolecules and variations of signal collection element such 

as potential shift (electrochemical) or environmental color changes (colorimetric).  

Non-enzyme glucose sensors such as CoWO4/CNT[205] are proposed to compensate 

for inherent instability issue of biomolecules and strain adverse effect.  They are 

promising alternatives after enhancing the anti-inference properties, sensitivity and 

biocompatibility of alkaline testing condition.  Moreover, developing novel sensing 

principles are also desired such as electrochemical transistor-based biosensors that is 

capable of amplifying the input signal and eliminating the requirement of a reference 

electrode.[206]   
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5. System integration 

5.1 Array integration 

To understand the profile of target objects, a large-scale sensor array consisting 

of mechanical, chemical and/or biological sensor units is usually required.  In 

addition, array configuration is vital to data storage and display in the system.  The 

crossbar array where each functional unit is placed at the overlap junction between the 

row and column line (Figure 8a) is the most effective configuration for achieving low 

cost, high-density and large-area integration.[140, 207-210]  However, most functional 

units (sensors, memory and display units) show approximately linear current-voltage 

characteristics, which cannot be directly integrated into the crossbar configuration 

without any amendments due to the crosstalk issue.[210]  This crosstalk issue is 

derived from the sneak path currents from neighboring pixels in the crossbar array, 

which can lead to the readout or other errors (Figure 8a).[208, 211]  To resolve this, an 

electronic switch, also known as access device, is often connected in series with a 

functional unit in each pixel of the crossbar array (Figure 8b).[208]  The electronic 

switch should exhibit a nonlinear current-voltage response (Figure 8c) in order to 

alleviate the sneak path currents in the crossbar array.[210]  Typically, flexible 

electronic switches include: 1) three-terminal devices, e.g. flexible organic 

transistors,[207, 212-219] and 2) two-terminal devices, e.g. flexible diodes,[133, 172, 220-226] 

tunneling barrier devices,[227-229] and threshold switches.[208, 230]   

Figure 8d shows the typical circuit schematic of an integrated array when using 

three-terminal transistors as flexible electronic switches.  The functional unit is 
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connected with the source (drain) terminal of a transistor and the corresponding drain 

(source) terminal is connected the column select.  The third gate terminal serves as 

the row select to access each individual unit in the crossbar array.[214]  Organic 

transistors usually offer good switch-on and switch-off characteristics with good 

mechanical bending ability (Figure 8e), and thus are the current mainstream solution 

for flexible array integration.  In addition, it is easy to fabricate three-terminal 

electronic switches on ultrathin flexible substrates by using thin-film processing 

techniques.  For example, Martin et.al. has demonstrated a tactile sensor array by 

adopting the organic transistor backbone.[231]  In this work, the sensor array 

fabricated on ultrathin (1m) polymer foils can conform to a model of the upper 

human jaw for healthcare monitoring with minimal patient discomfort.  

The other configuration using two-terminal electronic switches is shown in 

Figure 8g.  In each pixel, one functional unit is connected with one two-terminal 

electronic switch in series.  Compared to three-terminal transistors, the two-terminal 

electronic switches offer promising advantages such as simple structure, low 

operation voltage, and high-density three-dimensional stacking for flexible array 

integration.[208, 229]  Diodes are one of the most common two-terminal electronic 

switches for array integration.  Recently, Webb et. al. demonstrated a conformal 

skin-like sensor patch for precise monitoring of the epidermal temperature mapping 

(Figure 8h) based on a nanomembrane diode-based sensor array.[133]   Threshold 

switch device is another promising example, which was recently used to solve the 

crosstalk issue of an integrated flexible sensory array.[208]  The two-terminal 



38 

bidirectional threshold switch shows a high nonlinearity of 1010, good cycling 

behavior (Figure 8i), and decent mechanical flexibility with a minimum bending 

radius of 1 mm. 

5.2 System-level integration 

Apart from the sensory units/arrays at the core, the following components should 

also be incorporated into the flexible/stretchable sensor platform to achieve complete 

system-level integration: i) Signal processing circuits, including multiplexers, 

amplifications, filter circuits, demodulation circuits, A/D translation circuits, 

compensation circuit, etc. ii) Data transmission modules that provide control, 

computation, and communication functions. iii) Power sources.  Generally, two 

strategies are applied to realize the flexible/stretchable system-level integration: 1) 

Flexible electronics based on innovative materials, mainly using organic materials 

that are intrinsically mechanically flexible or stretchable to construct various circuit 

components of functional circuits. 2) Flexible hybrid integration, by combining 

conventional silicon electronics and flexible/stretchable electronics into one system, 

known as flexible hybrid electronics (FHE). 

 

5.2.1 Organic electronics for system-level integration 

The most intuitive approach for flexible/stretchable system integration is to make 

each building block in the systems flexible or stretchable, connected by flexible or 

stretchable interconnect wires.  Hence, organic electronics have attracted much 

attention in recent decades due to its desirable mechanical flexibility, the ability for 
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large-area fabrication, low-temperature processing and low cost.[232-235]  Various 

processing technologies (e.g. thin-film process, printing process, and transfer process, 

etc.), organic semiconductor materials (e.g. pentacene[213, 236-239], phthalocyanine,[108, 

233, 240-242], sexithiophene,[233, 241, 243] naphthalenes[236, 244-246] , fullerenes,[247] 

bithiophene,[248] nanotubes,[249-251] etc.), and even stretchable organic semiconductor 

materials (semiconducting polymers[61, 252]) and stretchable dielectrics[253-256] have 

been developed for flexible/stretchable electronic circuits and components[257-260] 

(Figure 9).  For example, Someya’s group has demonstrated a series of flexible 

organic transistor circuits, such as complementary inverters, five-stage 

complementary ring oscillators, amplifiers, and printed 

microelectromechanical-system switches, which can continue to function when folded 

into a small radius.[216-217, 261-262]  Furthermore, fully integrated flexible circuit 

systems have been developed.[263-266]  For example, Street et.al. reported a fully 

printed temperature threshold sensor tag, which consisted of the printed thermistor 

sensor, the jet-printed transistor circuit and the gravure-printed nonvolatile 

memories.[263]  The sensor tag is employed to monitor temperature changes, where 

the control circuit would be triggered if the thermistor temperature exceeds a preset 

threshold.  To further improve the fidelity of signals acquired from the objects, 

stretchability is required at both the sensing device and peripheral circuitry to create 

intimate contacts between the system and the nonplanar objects.[37, 88, 252]  Recently, 

Bao’s group has reported circuit design strategies for improving the accuracy and 

robustness of sensing systems by using intrinsically stretchable sensing circuits 
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(Figure 9g).[267]  In this work, the stretchable static and dynamic differential sensing 

circuits with sensitivities of −24.2 and −20.2 mV °C−1 have been achieved based on 

stretchable carbon nanotube transistors.  Moreover, an intrinsically stretchable 

amplifier with the stable operation even under 100% strain was fabricated, which can 

interface directly with skins.[252] 

To the best of our knowledge, the state-of-the-art organic circuits are still limited to 

small and simple functional modules, e.g. inverters, ring oscillators, amplifiers, 

radio-frequency (RF) identification tags, simple analog-to-digital converters, and 

energy harvesters (Figure 9).  One of the most sophisticated challenges is the 

limitation of low/moderate device performance of current organic transistors.[232, 268]  

To endow the flexible/stretchable sensor systems with relatively complex processing 

functionality, the FHE strategy was recently proposed by heterogeneously embodying 

both the conventional silicon-based electronics and the emerging flexible/stretchable 

electronics. 

 

5.2.2 FHE for system-level integration 

In FHE, high performance circuit elements, e.g. high-precision amplifiers, complex 

filter and modulation circuits, analog switch circuits, communications, and precise 

passive components, are provided by the well-established silicon fabrication process.  

On the other hand, the uncomplicated circuit elements, e.g. sensors, interconnect 

wires, and low performance circuits, are fabricated by the flexible/stretchable process 

technology.  Hence, FHE can feature both the functionality and reliability of 
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silicon-based integrated circuits (ICs), and the mechanical flexibility of 

flexible/stretchable electronics.  The hard silicon and soft elements are merged via 

soft-hard material interconnections that create suitable interface conditions for process 

integration and system stability.  According to the configuration of soft-hard 

interfaces, the strategies for FHE integration can be divided into two categories: 

plug-in integration and interconnected integration (Figure 10). 

 

5.2.2.1 Plug-in integration 

In the plug-in integration, sensory units/arrays are separated from the corresponding 

peripheral circuitry into two substrates with homogeneous/heterogeneous properties, 

which are connected via “plug-in” interconnect wires.  In most cases, the sensory 

components require more flexibility mechanically than the peripheral circuitry. This is 

because the sensors must directly contact the deformable sensing surfaces, such as 

skins, muscles, viscera, cells and other plastic objects, while peripheral circuits do not.  

[27]  Hence, sensory components are usually fabricated on plastic or stretchable 

substrates, such as polyethylene terephthalate (PET), polyimide (PI), polyethylene 

naphthalate (PEN), PDMS, SEBS and Ecoflex.  These flexible or stretchable 

substrates can offer an intimate and conformable contact between the sensors and the 

target objects to improve the quality of collected data.[88]  In the plug-in integration, 

the substrates of peripheral circuits can be different from that of sensor parts, which 

allows us to select respective materials accordingly.  Sometimes, peripheral circuit 

components are assembled onto commercially available flexible printed circuit boards 
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(PCB), or even rigid PCBs in order to guarantee the reliability and functionality of 

systems.[27, 107, 189, 199, 205, 269] 

For example, Gao et.al. recently developed a wearable flexible integrated sensing 

array (Figure 10a and b) to extract physiologically and metabolically multiplexed 

information (e.g. glucose, lactate, sodium ions, potassium ions, and skin temperature) 

available from sweat by using the plug-in FHE integration.[27]  In this system, the 

complex signal processing circuitry including signal transduction, amplification, and 

filtering, calibration, and compensation) and wireless transmission are consolidated 

on a flexible PCB while the five different sensors are deposited on a mechanically 

flexible PET substrate.  One more case, Imani et.al. designed a wearable hybrid 

multi-sensor system based on the FHE approach (Figure 10e), which could 

simultaneously monitor both biochemical and biophysical signals from user.[270]  To 

be more specific, a three-electrode biosensor and a bipolar electrocardiogram sensor 

were used to detect the lactate and electrocardiogram signals, which are integrated 

onto a flexible sensor patch.  The plug-in integration strategy can decouple the strict 

mechanical and electrical requirements at the sensor and peripheral circuitry level, 

respectively, by selecting suitable fabrication processes.  Another noteworthy merit 

of the approach is the amenability for disposable applications as expensive peripheral 

circuitry components can be reused, which has demonstrated in food packaging and 

medical fields.[199, 271] 

 

5.2.2.2 Interconnected integration 
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In the interconnected integration, sensory and silicon IC components can be 

intricately assembled together via printed or stretchable interconnect wires (Figure 

10f).  Flexible PET, PEN and PI substrates, and stretchable PDMS, SEBS and 

Ecoflex substrates are commonly used in interconnected integration.  Each sensor 

unit could be placed close to the corresponding silicon ICs components, such as signal 

transduction conditioning modules and signal processing modules, which can 

potentially minimize external disturbance.   

Printing electronics is a suitable approach to realize the interconnected integration, 

because sensor units and interconnect wires can be directly printed on flexible 

substrates.  In particular, printing technology is compatible with the flexible PCB 

assembly process, simplifying the interconnect complexities.[272]   Figure 10g shows 

a typical FHE example based on a printed flexible substrate.[272]  The ECG (gold 

electrodes) and temperature (nickel oxide thermistor) sensors are printed on one side 

of the double-sided copper-circuitized substrate, and silicon IC elements (i.e. an 

analog front end circuit, a Bluetooth module, and other hard passive elements) are 

hosted on the opposite side of the frame.   These two copper circuit layers are 

interconnected by plated-through holes, using standard flexible PCB process.   

When stretchable substrates are used, a stretchable system can be achieved by using 

the interconnected integration approach.  Fully stretchable systems can offer intimate 

covering for dynamic and nonplanar surfaces of target objects, which is vital to realize 

the precise monitoring of physiochemical signals from users.[37, 88]  However, 

interfacing soft elements to hard silicon ICs is quite challenging because of 
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sophisticated bonding processes, stretchable interconnect, and alignment.  Structural 

design is a promising way to achieve stretchable FHE integration at system level, 

which not only enhances the stretchability of soft components, but also bestows 

stretchability to rigid components.  Classical structural design strategies such as 

wave[20, 82, 89, 273-275], island–bridge[37, 276-280], origami/kirigami[281-285] and textile[286-289] 

have been developed for realizing stretchable systems or modules, which are 

discussed as follows. 

(1) Wave.  It is one of the earliest structural design approaches to make rigid 

silicon-based circuits become stretchable (Figure 11a).  While silicon wafers are 

rigid and brittle, silicon-based thin films with a thickness of less than 25 µm can 

yield good mechanical bendability and flexibility, which can be obtained by wafer 

thinning or exfoliation of silicon nanomembranes from a silicon-on-insulator (SOI) 

wafer.[290-291]  Similar to stretchable electrode obtained by wavy structural design, 

these thin-film ICs and sensors are then bonded on the surface of a stretchable 

substrate that is prestretched under a tensile strain.  When the substrate is 

released, the thin films of silicon ICs would generate the wave/wrinkle patterns to 

compensate the compressive strain from the substrate.  A mass of silicon-based 

stretchable, such as logic gates, ring oscillators, differential amplifiers, inverters, 

have been demonstrated by using this strategy.[20, 275] 

(2) Island–bridge.  In this design, high-modulus, rigid, or flexible functional 

elements are assembled as islands which are interconnected by highly stretchable 

conductive bridges (Figure 11b).  When an external strain is applied, the 
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conductive bridges can stretch and deform while the islands remain intact.  

Depending on the design of the conductive bridges (e.g. serpentine, selfsimilar, 

spiral, arc-shape, non-coplanar serpentine and helix), the integrated systems with 

different levels of stretchability can be achieved.  The maximum stretchability of 

the integrated systems in the previous reports is up to 1600%.[292]  Another 

advantage of this approach is that the selection of silicon ICs and sensors can be 

diversified (organic or inorganic, lab-made or commercial-off-the-shelf, thin films 

or chip-scale packages), not limited to silicon nanomembranes as in the wave 

structural design.[88]  Hence, the island–bridge design has been considered as the 

most common approach for stretchable system-level integration, which has been 

widely used for implementing various flexible/stretchable sensor systems, and 

critical stretchable circuitry components, such as wireless transmittance system 

and ring oscillators.[37, 278-279, 293]  Noted that Rogers’s group recently utilized the 

island–bridge design to develop a wireless epidermal electronic system that can 

implement in-sensor analytics for neonatal intensive care.[279]  This system can 

softly and noninvasively interface onto neonatal skin to implement the vital signs 

monitoring, which is also compatible with visual inspection and with medical 

imaging techniques used in neonatal intensive care.  In the island–bridge 

approach, interconnecting and aligning issues are two key challenges that limit the 

scale of large-area hybrid systems.  A detailed requirement of various 

components for large-scale hybrid integration has been discussed in reference.[294] 

(3) Origami/kirigami.  Origami/kirigami arts have recently inspired a popular 
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structural design for stretchable electronics (Figure 11c).  In origami, a planar 

sheet is transformed into a crease structure with a periodic pattern of mountain 

and valley folds, which can be recovered to the planar state when stretched.  In 

kirigami, a mass of patterned slits are generated into the planar sheet that can 

buckle out of plane to dissipate the tensile energy.  Both origami and kirigami 

can provide high throughput and large deformability for the rigid silicon ICs[295], 

and do not involve elastomeric substrates that are usually incompatible with 

standard manufacturing processes.  Therefore, the origami/kirigami design has 

been widely used in stretchable electronics, e.g. stretchable lithium-ion batteries, 

stretchable solar cells, stretchable transistors, stretchable photodetectors, and 

stretchable supercapacitors.[281-283, 296-300] 

(4) Textile. Textiles are a category of flexible and stretchable materials formed by 

weaving, knitting, spreading, crocheting, felting, or braiding.  Embedding sensor 

systems or components with the desired mechanical and electrical characteristics 

onto textiles is an effective strategy toward stretchable electronic applications.  

For example, Chen et.al. demonstrated a woven hybrid power textile fabricated by 

integrating the triboelectric energy harvesters and solar cells on fabrics for 

simultaneously harvesting mechanical and solar energies (Figure 11d).[289]  In 

addition to energy harvesters, a myriad of wearable/stretchable electronics based 

on this design have been reported to realize various functionalities, such as logic 

multiplexers, light-emitting diodes (LEDs), driving ICs, supercapacitors, and 

sensors.[286-287, 301-303] 
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6. Machine learning and edging computing 

Sensing technologies are continuing to generate more and more data from various 

applications, such as healthcare, food security, environmental monitoring, smart home 

and city management.  The generated data, including physiological signals (heart 

rate, blood pressure, clinical imaging, ECG, EMG, EEG, etc.), biochemical signals 

(glucose, antigens, ions, etc.), chemical signals (formaldehyde, diethyl ether, etc.), 

weather conditions (temperature, humidity, wind, etc.), and environmental parameters 

(noise, light, etc.) are usually heterogeneous, sparse, irregular, temporal-dependent, 

and even highly-dimensional.[304-306]  Understanding and utilizing these meaningful 

data will further improve quality of life.  However, there remains a key challenge for 

gaining insights from these complicated sensing data, due to the lack of sufficient 

domain knowledge and effective algorithms.[306] 

Artificial intelligence (AI) technologies with the cores of machine learning and 

big data, have paved a promising way to enable these intelligent applications and 

services.[304, 307-319]   In machine learning algorithms, computers can automatically 

learn knowledge from historical experiences data and make prediction on unknown 

tasks.  With the improvement of data acquisition and computing infrastructure, 

machine learning (especially emerging deep learning) has recently shown or even 

exceeded the capabilities of human experts in the tasks of image classification, speech 

recognition, and natural language processing.[308, 320-323]  Deep learning uses multiple 

levels of nonlinear functions to learn high-level representation of input data 
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layer-by-layer for making decision.  The learned representation, is often abstract and 

composite, which can serve as input for the latter layers.[324]  Therefore, deep 

learning technologies possess the ability of automated feature learning and provide an 

end-to-end learning paradigm to obtain the desired knowledge from complex sensor 

data.  A number of deep learning algorithms, such as deep neural networks, 

convolutional neural networks (CNN), deep belief networks, deep residual neural 

networks, recurrent neural networks (RNN), deep reinforcement learning, capsule 

networks, autoencoders and generative networks continue to emerge.[323, 325-338]  

Such algorithms with different network configurations are often sensitive to the type 

of processed data.  Here, we focus on recent progress in data analysis from sensors 

mainly using emerging deep learning algorithms.  According to data dimensionality, 

sensor data are generally classified into three categories: 1) discrete, 2) time-series, 

and 3) image data. 

 

(1) Discrete data.  For applications such as food security, environmental monitoring, 

toxicity detection, pressure detection and strain detection, one or several discrete 

data is often enough to evaluate the current status of a target object.  Typical 

threshold evaluation, Euclidean distance, principal component analysis (PCA) and 

clustering methods are usually used to analyze these discrete sensor data.[339-345]  

For example, in discriminating a specific class of chemical analytes, PCA and 

agglomerative hierarchical clustering approach have been proposed to process 

these sensor data collected from a colorimetric sensor array.[340]  The results of 
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PCA (Figure 12a) and clustering statistical analysis indicate that the colorimetric 

method shows high discrimination ability and reproducibility, even down to amine 

concentrations of 50 ppm. 

(2) Time-series data.  Healthcare, especially clinical diagnosis, typically requires the 

continuous monitoring of one or more physiochemical signals for a prolonged 

period of time so as to accurately assess one’s state of health.  The healthcare 

data such as EEG, ECG and EMG, is often difficult to mine effectively by using 

traditional data analysis approaches, due to the long-term time dependency, 

varying length, and irregular sampling of the sensor data.[346-348]  Enabled by 

automated feature extraction and end-to-end learning, various deep learning 

algorithms have been developed to process the time-series sensor data (Figure 

12b-f).[317, 346, 349-351]  In particular, RNNs with varying length sequences and 

long-range dependencies on training data are good at extracting knowledge from 

time-series data.  In a recent study, a long short-term memory (LSTM) neural 

network that is a subcategory of RNNs has been used to analyze the complex 

clinical data.[346]  In this work, the LSTM model can classify 128 diagnoses with 

surprisingly high accuracy, when given 13 irregularly sampled time-series clinical 

data, such as diastolic and systolic blood pressure, heart rate, peripheral capillary 

refill rate, etc. 

(3) Image data.  Visual sensing and recognition is one of the most important abilities 

for the survival and development of human beings, which helps us to perceive, 

recognize, and change the world.  The analysis of image data has been widely 
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used in medical diagnosis, autonomous driving, security, Industry 4.0, Internet of 

Things (IoT), and so on.  Image data usually contains rich internal information of 

studied objects beyond our intuitive insights, due to its intrinsic property of spatial 

distribution and complex multidimensionality.[352]  Deep CNN inspired by 

biological visual information processes has been employed to handle the complex 

image-based sensor data and produce promising results.  One of the most popular 

frameworks is the implementation of CNNs on raw image data such as ocular 

images, epidermis images, computed tomography (CT), magnetic resonance 

imaging (MRI) and X-rays images, to diagnose potentially relevant 

diseases.[307-308]  For example, Esteva et.al. demonstrated a dermatologist-level 

classification of skin cancer using the CNN algorithm.[308]  In their research, 

there are 129,450 clinical images in total (consisting of 2,032 different diseases) 

that are directly used to train a classification model for the skin cancer diagnosis. 

Although deep learning provides a promising approach in analyzing these 

complex sensor data, most current deep learning algorithms cannot run directly in the 

end of sensor devices.[306, 351]  Instead, deep learning is usually implemented on high 

performance servers or personal computers, as there are thousands and millions 

internal parameters need to be adjusted in the model, which is difficult to run in the 

sensor end[315, 353].  In addition, the user-centric serves in the sensor end are usually 

distributed and delay-sensitive, which requires real-time data processing and feedback.  

Because of limited bandwidth and strict latency time, the mainstream cloud 

computing that is usually centralized alone cannot support such ubiquitously 
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user-centric applications.[354-355]  In recent years, a multi-tier computing network 

architecture was proposed to address these challenges and enable these intelligent 

applications and services (Figure 13a).[356] 

The multi-tier architecture divides the whole computing network into four 

hierarchical layers, including cloud, fog, edge and sea computing technologies.[356]  

In the hierarchy, cloud computing is at the very top, which is in possession of the most 

information sources, the maximum storage space and the strongest computing 

capabilities.  In addition, cloud computing owns the highest authority in making 

crucial decisions.  Hence, cloud computing is usually used to process the 

complicated, sophisticated and global tasks, such as cross-domain information 

extraction, new knowledge discovery and creation, and global strategies.  The next 

level is fog computing which bridges the cloud and edge computing layers.  Fog 

computing collaboratively handles the global tasks at regional level with the 

second-tier computing, communication, and storage abilities.  Compared to cloud 

and fog computing, edge computing in the third level has the least resources and 

computing capabilities, but enough to implement advanced deep learning algorithms.  

Edge computing is very close to the sensor end and can directly interact with users in 

various perspectives.  Hence, it can handle proficiently the delay-sensitive tasks for 

information and monitoring using AI algorithms.  Sea computing means the data 

computing occurs at the sensor end, which is the closest end to data generation.  In 

sea computing, individual sensor systems possess the limited capabilities of the data 

processing, communication, storage, and power management.  Hence, sea computing 
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can only support local requests and demands, such as physicochemical signal sensing, 

environment monitoring, mobility control, feedback and other basic functions.  The 

effective interaction and collaboration across different levels and units are vital to the 

intelligent collaborative computing architecture.  The multi-tier computing network 

architecture provides a promising solution for future intelligent applications and 

services, such as smart transportation, smart home, smart people, smart health, smart 

sea monitoring, and smart meters (Figure 13b). [357] 

 

7. Perspectives on CPI  

Interfacial signal exchange takes place anywhere and anytime in living things, in 

the physical world and even the universe to maintain their perception, interconnection, 

adaptability and equilibrium of systems, such as tactile perception based on epidermal 

mechanical signal exchanges in human.  This provides an opportunity to understand 

and communicate with any system by constructing reliable platforms (CPI) that are 

capable of extracting and analyzing complex physical and biochemical signals, and 

providing active feedbacks to users.  To achieve this aim, the bottom-up architecture 

of CPI comprises biochemical/biophysical sensing interface, signal processing and 

transmission interface and intelligent computing interface.  Molecular, geometry, and 

materials design are used throughout system construction to endow CPI with 

stretchability, conformability, adhesion, biorecognition, and durability features 

(Figure 14).  Driven by a niche need in healthcare, smart robotics and CHS, CPI 

rapidly expands and evolves into an interdisciplinary field focusing on the multiple 
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physical and biochemical interfaces.  Despite recent progress, there remain several 

challenges in terms of 1) novel materials for sensing units and high-performance 

circuit systems, 2) biosignals collection and their correlation to diseases, 3) power 

consumption, and 4) security in the CPI framework. 

The first issue on materials forms the basis for device and system fabrication.  

Achievements have been made regarding stretchable, soft, conformable electrodes, 

but it is still infancy for the functional circuits and systems that possess matched 

mechanical and electrical properties.  In addition, inadequate features still exist, 

including biocompatibility with acceptable biotoxicity by FDA approval, antifouling 

to avoid the interference of biosecretions, multi-functionality with specific recognition, 

and durability for long-term monitoring.  Synthesis of block copolymer, 

supramolecular, and hybrid compounds with predesigned properties will contribute 

towards the growing material library for CPI.  

The second issue is the lack of reliable non-invasive biosensing interface.  For 

example, sample collection is now a bottleneck for non-invasive sensing.  Currently 

a sweat-uptake layer and a waterproof film are commonly used, but it suffers from 

activity-dependent sweat collection inconsistencies.  Wearable microfluidics provide 

a solution for quantitative sampling, though continuous sampling with automatic 

refresh procedures is still less than ideal.  Also, there is much controversy on the 

correlation between epidermal biomarkers and specific diseases, which impedes the 

development of CPI.  Additionally, the time lag between biomarkers in biofluids and 

in blood also needs further verification.  Moreover, abundant information conveyed 
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by proteins and nuclei has not been encoded due to the lack of facile wearable sensing 

techniques.  

Thirdly, power is the priority concern for system integration, which is used in 

sensing, data processing and communication.  Conventionally, energy consumption 

by data communication accounts for a large proportion in the whole sensing system.  

Reducing power data transmission is very vital to render the CPI towards the real 

applications.[358-360]  Typical wireless communication technologies such as infrared 

communication, broadcast radio, microwave communication, Bluetooth, and Zigbee 

still need much more efforts to achieve an energy-efficient data transmission manner 

for CPI.  On the other hand, low power consumption is also necessary for continuous 

and prolonged monitoring which requires a trade-off between energy utilization and 

performance.  For physiochemical signals that allow interval sampling, periodicity 

transmitting data offers an alternative way for long-time monitoring at the cost of 

losing partial sensing information.  Other strategies include the search for other 

biocompatible batteries, green energy harvesting devices, or alternative energy storage 

system (e.g. solar cells, thermoelectric, biofuel cells, piezoelectric and triboelectric 

devices, supercapacitor, or a combination of these devices), and self-powered system 

powered by biofuel cells.[361]  The last but not the least, to provide for the entire CPI 

system, the power element should be also flexible and facile to be integrated with the 

sensing and data processing elements. 

For any cyber system, cyber security is a top priority.  Access to CPI information 

for queries, changes and custom operations should be strictly limited to authorized 
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users because individuals’ biomedical data compromise privacy and also involve 

life-threatening/serious health consequences.  Hence, communications between CPI 

system and users should be under careful surveillance and protection by rules and 

regulations to ensure users’ benefits.  With this in mind, AI and data mining 

technologies can be fully utilized to obtain the underlying correlation between 

different biomarkers, the dependence of diseases on certain biomarkers, the effect of 

lifestyle on diseases or biomarkers, and also providing active feedback to users such 

as early disease detection, dietary suggestions, and customized exercise plans.  

In short, it is desirable to conduct comprehensive collaboration between scientists 

and engineers from various disciplines of materials science, bioanalytics, mechanical 

engineering, electrical engineering, and computing science, for the development of 

CPI.  However, current research progress is still hindered by the lack of an integral 

international ecological environment due to insufficient confidence among different 

fields.  We hope to encourage and anticipate barrier-free cooperation with 

problem-orientated effort to address the above issues, by linking the electronic, 

communication and computing technology with materials, chemical and biological 

science.  Such a “data centric” sensing approach will be developed as a platform for 

increasingly complex future wearables with on-board intelligence, especially in the 

foreseeable next-generation personal healthcare technologies, such as adaptive 

prosthetics and augmentation of human capabilities, smart sports technology, health 

and dietary care, etc.  We can even envision future applications, bringing the 

impossible to possible, such as mind readers, plant communicators, and human 
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enhancement. 

 

8. Summary  

To elucidate the interfacial issues in signal exchange processes, we propose the 

perspective of cyber-physiolochemical interface with the ability to collect biophysical 

and biochemical signals and closely link them with cyber space.  This review 

summarizes the scientific and technical progress in CPI and highlights the challengs 

as well as strategies in building stable interfaces, including (i) stretchable and 

conformal sensors for cyber biophysical interface, (ii) flexible and patchable 

biosensors for cyber biochemical interface; (iii) system integration such as sensor 

array integration and full-system integration with functional circuits, and (iv) machine 

learning and edging computing.  We hope to put forward an unprecedented 

multi-disciplinary scientific collaboration towards CPI, for constructing stable signal 

exchanges across a broad range of dynamic applications in healthcare, fitness and 

wellness, rehabitation, and soft robotics.  These technologies will provide a 

paradigm shift in the development of next-generation personal healthcare technology, 

such as adaptive prosthetics and augmentation of human capabilities, smart sports 

technology, and health and dietary care. 
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Figure 1. Timelines for the convergence of sensing and information technologies.  

The initial convergence brings about a cyber physical system with typical examples 

such as Internet of Things (IoT).  The rapid development of soft electronics and 

epidermal sensing technology propels forward the cyber human system.  By merging 

these technologies, future cyber physiochemical interfaces aim to link the electronic 

and computing technology (cyber) with biophysical and biochemical signal output by 

addressing the interfacial issues.  Thermostat, Glucose meter, Intel 4004 images are 

downloaded from Wikipedia; Micrograph of MEMS (Courtesy of E Lau and C. V. 

Thompson, MIT.),[8] BioMEMS Image Credit: Internet of Things Agenda.  Pressure 

gauge.  Reproduced with permission.[7]  Copyright 2018, the authors, Copernicus 

GmbH.  Skin-like pressure sensor.  Reproduced with permission.[10] Copyright 

2010, Nature Publishing Group.  Wearable perspiration sensor. Reproduced with 

permission.[27] Copyright 2016, Nature Publishing Group.  Hydrocephalus 
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monitoring. Reproduced with permission,[13] Copyright 2018. American Association 

for the Advancement of Science (AAAS).  Punched card machine image credited to 

IBM.  ENIAC, Reproduced with permission.[15] Copyright 1946, Nature Publishing 

Group.  Laptop image credited to Lenovo ThinkPad. IoT. Reproduced with 

permission.[32] Copyright 2013, Elsevier Ltd.  Flexible Transistor. Reproduced with 

permission,[23] Copyright 2001, National Academy of Sciences, U.S.A.  Stretchable 

silicon integrated circuits. Reproduced with permission,[20] Copyright 2008, American 

Association for the Advancement of Science (AAAS).  Artificial afferent nerve. 

Reproduced with permission,[22] Copyright 2018, American Association for the 

Advancement of Science (AAAS). 
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Figure 2. Schematic illustration of a typical example of CPI.  It reliably extracts 

biophysical/chemical clues of human beings such as electrophysiological signals and 

metabolites, transfers them to quantitative electrical signals, converts them to digital 

signals, and eventually provides correlation and feedback via edge computing.  This 

forms the basis for stable cyber-human systems. 
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Figure 3.  a) Device malfunction due to interfacial mechanical mismatch and 

incompatibility in terms of Young’s modulus and stretchability.  To overcome these 

mechanical mismatch issues, strategies include b) molecular design that comprise 

both elastic and rigid elements, c) Nanomaterial network such as silver nanoparticles 

elastic conductor, d) Geometry design such as serpentine, suspend waves, cracks, 

nanomesh, and e) hydrogel based electrodes with intrinsic stretchability and ionic 

conductivity. Molecular design. Reproduced with permission,[61] Copyright 2016, 

Nature Publishing Group.  Nanomaterial network, Reproduced with permission.[75] 

Copyright 2017, Nature Publishing Group.  Serpentine. Reproduced with 

permission.[89] Copyright 2006, Nature Publishing Group.  Suspend waves. 
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Reproduced with permission.[81] Copyright 2015, Wiley-VCH.  Cracks. Reproduced 

with permission.[93] Copyright 2014, American Chemical Society.  Nanomesh. 

Reproduced with permission.[95] Copyright 2017, Nature Publishing Group.  

Hydrogel. Reproduced with permission.[96] Copyright 2013, American Association for 

the Advancement of Science (AAAS).  
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Figure 4.  Two categories of solutions to improve the performance of mechanical 

sensors.  One is deformation or strain regulation for high sensitivity pressure or 

strain sensors. a) micropyramidal structures with optimized sidewall angle, 

Reproduced with permission.[101] Copyright 2014, Wiley-VCH. Reproduced with 

permission.[100] Copyright 2014, Wiley-VCH.  b) Microbeads-distributed 

fiber-shaped stretchable strain sensors, Reproduced with permission.[107] Copyright 

2018, Wiley-VCH.  c) Auxetic mechanical metamaterials with bidirectional 

expansion. Reproduced with permission.[108] Copyright 2018, Wiley-VCH.  d) 

Application demonstration. Reproduced with permission.[107-108] Copyright 2018, 
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Wiley-VCH.  Another is enhancing interfacial adhesion for high stability sensing by 

following strategies. e) Microhair structures. Reproduced with permission.[111] 

Copyright 2015, Wiley-VCH. f) Surface modification, interlocking strategy with 

increased electrode and elastomer adhesion. Reproduced with permission,[112] 

Copyright 2017, Wiley-VCH.  g) Interlocking strategy with increased electrode and 

elastomer adhesion. Reproduced with permission.[114] Copyright 2017, Wiley-VCH.  

h) Conformal ultrasonic sensor for blood pressure measurement and typical pulse 

waveform at the carotid artery correlated to the left atrial and ventricular events.  

Reproduced with permission.[115] Copyright 2018, Nature Publishing Group.    



98 

 

Figure 5.  a) An electrophysiological sensing interface which involves biosignal 

transfer between epidermal ionic and electronic conductors.  Both good conformal 

contact and decreased interfacial impedance are expected to enhance the selectivity 

and fidelity of sensors.  The conformal contact can be achieved by using b) size 

modulation for matched mechanicals including decreasing diameter and thickness, c) 

natural polymer based soft film, and d) soft hydrogel.  Ways to decrease interfacial 

impedance include e) surface modification such as CNT modified tungsten electrode 

and Pt modified Si electrode array, f) polymer-based, and g) ion-conductive electrode.  
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Size modulation. Reproduced with permission.[130] Copyright 2019, Nature Publishing 

Group. Reproduced with permission.[133] Copyright 2013, Nature Publishing Group. 

Silk-based conformal electrode. Reproduced with permission.[141] Copyright 2010, 

Nature Publishing Group.  Soft hydrogel. Reproduced with permission.[40] Copyright 

2018, National Academy of Sciences of the United States of America. CNT/W 

electrode, Reproduced with permission.[154] Copyright 2008, Nature Publishing Group. 

Pt/Si electrode, Reproduced with permission.[153] Copyright 2017, Nature Publishing 

Group.  Polymer electrode. Reproduced with permission.[45] Copyright 2017, 

Wiley-VCH.  Ion-conductive hydrogel. Reproduced with permission,[39] Copyright 

2019, Nature Publishing Group.   
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Figure 6.  Three critical aspects for epidermal biochemical sensors including 

biomarker validation, sample collection, and target detection.  The flowchart of 

biomarker validation includes target screening via standard methods, data processing 

to get correlation information, and clinic validation to test the feasibility.[173, 362]  

Based on identified biomarkers, sample collections via continuous, precise, and 

minimal or non-invasive way are desired.  One promising way is wearable 

microfluidics.  Macrduct@Sweat collection. Reproduced with permission,[183] 

Copyright 2013 Elsevier.  Wearable microfluidics. Reproduced with permission.[187] 

Copyright 2017, Wiley-VCH. Reproduced from Ref [363] with permission from The 

Royal Society of Chemistry.  Target detection technologies with sensitivity, 

selectivity, stability were applied in perspiration, breath, tear, saliva sensing as well as 

sensing and therapy systems.  Perspiration sensor. Reproduced with permission.[191] 

Copyright 2014, American Chemical Society. Reproduced with permission, [167] 

Copyright 2018, Nature Publishing Group.  Breath sensor. Reproduced with 
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permission.[168] Copyright 2017, American Chemical Society.  Tear sensor. 

Reproduced with permission.[194] Copyright 2018, the Authors, American Association 

for the Advancement of Science (AAAS).  Saliva sensor. Reproduced with 

permission.[195] Copyright 2012, the Authors, Nature Publishing Group.  Sensing and 

therapy system. Reproduced with permission.[196] Copyright 2016, Nature Publishing 

Group. 
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Figure 7.  a) Scheme of epidermal biosensors and a biosensing mechanism, based on 

a specific biorecognition reaction coupled with the release of electrical or colorimetric 

signals.  b) Three sampling strategies, namely, microfluidics, iontophoresis, and 

electrochemical twin channels are capable of in-situ collection of sweat.  c) Stable 
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biosensing interface achieved by calibrating the biomolecule activity based on pH, 

temperature, ions, and strain parameters, potential shift (electrochemical), and 

ambient light (colorimetric). Microfluidics. Reproduced with permission.[188] 

Copyright 2016, American Association for the Advancement of Science (AAAS), 

Iontophoresis. Reproduced with permission.[189] Copyright 2017, the authors, National 

Academy of Sciences. U. S. A..  Electrochemical twin channels. Reproduced with 

permission.[190] Copyright 2017, the Authors, American Association for the 

Advancement of Science (AAAS).  Multiplex biosensor and temperature-induced 

sensor variations. Reproduced with permission.[27] Copyright 2016, Nature Publishing 

Group. Stretchable biosensor and pH-induced sensor variations. Reproduced with 

permission. [196] Copyright 2016, Nature Publishing Group.  Potential shift. 

Reproduced with permission.[204] Copyright 2014, American Chemical Society. 

Ambient light calibration. Reproduced with permission.[188] Copyright 2016, 

American Association for the Advancement of Science (AAAS).   
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Figure 8.  Array integration.  a)-b) Crosstalk issue and solutions for array 

integration.  c) Ideal electronic switch exhibiting a nonlinear current-voltage 

response.  d) Typical circuit schematic of array integration using three-terminal 

transistors. Reproduced with permission.[214] Copyright 2015, Wiley-VCH.  e) 

Typical current-voltage curves of flexible organic transistors. Reproduced with 

permission.[216] Copyright 2016, the Authors, Nature Publishing Group.  f) Tactile 

sensor array conforming to a model of the human upper jaw. Scale bar, 1 cm. 

Reproduced with permission.[231] Copyright 2013, Nature Publishing Group.  g) 
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Configuration of array integration using two-terminal electronic switches. 

Reproduced with permission.[208] Copyright 2018, Wiley-VCH.  h) Measured 

distribution of temperature by using a nanomembrane diode sensor array. Reproduced 

with permission.[133] Copyright 2013, Nature Publishing Group.  i) Current-voltage 

curves of a two-terminal, flexible, and bidirectional threshold switch. Reproduced 

with permission.[208] Copyright 2018, Wiley-VCH. 
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Figure 9. Organic circuit components and systems.  a) Ultraflexible organic 

complementary inverter circuits on a polyimide substrate. Reproduced with 

permission.[217] Copyright 2010, Nature Publishing Group.  b) Organic ring oscillator 

based on pseudo–complementary metal-oxide semiconductor (CMOS) process. 

Reproduced with permission.[22] Copyright 2018, American Association for the 

Advancement of Science (AAAS).  c) Flexible MoS2 transistors-based-radio 

frequency (RF) amplifier. Reproduced with permission.[257] Copyright 2014, the 

Authors, Nature Publishing Group.  d) Fully printed differential amplifier.[258] 

Reproduced with permission. Copyright 2014, Elsevier.  e) Ring oscillator using 

exclusively gravure and flexographic printing. Reproduced with permission.[259] 
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Copyright 2011, Elsevier.  f) Printed RF resonant tag based on roll-to-roll printing. 

Reproduced with permission.[260] Copyright 2011, Elsevier.  g) Stretchable 

temperature sensor stretching with 25% uniaxial strain. Reproduced with 

permission.[267] Copyright 2018, Nature Publishing Group.  h) Intrinsically 

stretchable amplifier. Reproduced with permission.[252] Copyright 2018, Nature 

Publishing Group. 
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Figure 10.  Approaches of flexible hybrid integration (FHE): Plug-in integration 

a)-e), and interconnected integration f)-i).  a)-b) Fully integrated wearable sensor 

arrays for perspiration analysis. Reproduced with permission.[27] Copyright 2018, 

Nature Publishing Group.  c) Autonomous sweat extraction and sensing platform. 

Reproduced with permission.[189] Copyright 2017, National Academy of Sciences of 

the United States of America, d) Wearable/disposable sweat-based glucose monitoring 

devices. Reproduced with permission.[199] Copyright 2017, the Authors, American 

Association for the Advancement of Science (AAAS).  e) Wearable chemical–

electrophysiological hybrid sensor patch. Reproduced with permission.[270] Copyright 

2015, the Authors, Nature Publishing Group.  f) Soft microfluidic assemblies. 

Reproduced with permission.[277] Copyright 2014, American Association for the 

Advancement of Science (AAAS).  g) Kapton PI-based wearable sensor patch 

(WSP). Reproduced with permission.[272] Copyright 2016, Wiley-VCH. h) Helical 
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microcoils for soft electronics. Reproduced with permission.[278] Copyright 2017, the 

Authors, Nature Publishing Group.  i) Three-dimensional integrated stretchable 

electronics. Reproduced with permission.[280] Copyright 2018, Nature Publishing 

Group. 
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Figure 11.  Structural designs for stretchable FHE integration. a) Wave strategy used 

in examples of a COMS circuit, differential amplifier, and inverter.  b) Island–bridge 

strategy used in examples of a sensor system, wireless sensor system and ring 

oscillator.  c) Origami/kirigami strategy used in examples of a lithium-ion battery, 

electronic eye, and supercapacitor.  d) Textile strategy. Used in examples of a 

multiplexer, battery, and supercapacitor.  COMS circuit. Reproduced with 

permission.[20] Copyright 2008, American Association for the Advancement of 

Science (AAAS). Differential amplifier, Reproduced with permission.[20] Copyright 

2008, American Association for the Advancement of Science (AAAS). Inverter. 

Reproduced with permission.[275] Copyright 2017, American Chemical Society.  

Sensor system. Reproduced with permission.[278] Copyright 2017, the Authors, Nature 
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Publishing Group.  Wireless sensor system. Reproduced with permission.[279] 

Copyright 2019, the Authors, American Association for the Advancement of Science 

(AAAS).  Ring oscillator. Reproduced with permission.[276] Copyright 2008, 

National Academy of Sciences, U. S. A.  Origami/kirigami strategy. Reproduced 

with permission.[285] Copyright 2018, Elsevier.  Lithium-ion battery. Reproduced 

with permission.[297] Copyright 2014, the Authors, Nature Publishing Group.  

Electronic eye. Reproduced with permission.[300] Copyright 2017, the Authors, Nature 

Publishing Group.  Supercapacitor. Reproduced with permission.[298] Copyright 2018, 

Wiley-VCH.  d) Multiplexer. Reproduced with permission.[286] Copyright 2007, 

Nature Publishing Group.  Battery. Reproduced with permission.[289] Copyright 2016, 

Nature Publishing Group.  Supercapacitor. Reproduced with permission.[302] 

Copyright 2015, Wiley-VCH. 
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Figure 12.  Recent progress of machine learning in sensor data analysis.  a) PCA 

result for the discrimination of volatile amines. Reproduced with permission.[340] 

Copyright 2013, American Chemical Society. b) Schematic workflow of deep learning 

for time-series data. Reproduced with permission.[351] Copyright 2017, the Authors, 

IEEE. c) RNN architecture.  The architecture of d) an autoencoder, e) a sparse 

autoencoder, and f) a deep residual neural network. Reproduced with permission.[319] 

Copyright 2018, Nature Publishing Group. 
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Figure 13.  Multi-tier computing networks for intelligent applications and services.  

a) Multi-tier computing network architecture with hierarchical layers, consisting of 

cloud, fog, edge and sea computing. Reproduced with permission.[356] Copyright 2019, 

Nature Publishing Group. b) Intelligent applications and services, such as smart 

transportation, smart home, smart people, smart health, smart sea monitoring, and 

smart meters. Reproduced with permission.[357] Copyright 2019, Elsevier. 
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Figure 14.  Perspectives of CPI in a pyramidal hierarchical structure.  The 

bottom-up architecture of CPI comprises biochemical/biophysical sensation interface, 

signal processing interface, and edge computing interface based on molecular or 

geometry design to endow stretchability, conformability and adhesion, biorecognition, 

and durability features. Based on the pyramidal hierarchy of CPI, future applications 

can involve any process that releases physical/chemical/bio signals.  We can 

envision futuristic applications such as mind readers, disease prediction by epidermal 

lab-on-chip, human enhancement, environment tellers, and plant communicators.  
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