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Conventional computing systems based on von Neumann architecture face challenges such as high
power consumption and limited data processing capability. Improving device performance via scaling
guided by Moore's Law becomes increasingly difficult. Emerging memristors can provide a promising
Received 14th March 2024, solution for achieving high-performance computing systems with low power consumption. In particular,
Accepted 17th June 2024 the development of flexible memristors is an important topic for wearable electronics, which can lead to
DOI: 10.1039/d4mh00291a intelligent systems in daily life with high computing capacity and efficiency. Here, recent advances in
flexible memristors are reviewed, from operating mechanisms and typical materials to representative
rsc.li/materials-horizons applications. Potential directions and challenges for future study in this area are also discussed.

Wider impact

Conventional computing systems based on the von Neumann architecture face challenges such as high power consumption and limited data processing
capability. Emerging memristors can provide a promising solution to achieve high-performance computing systems with ultra-low power consumption based
on ‘“in-memory computing”. The study of flexible memristors is an important topic and can bring new possibilities for wearable electronics. This paper
systematically discusses the mechanisms, materials, fabrication techniques, and applications of flexible memristors that have been developed in recent years.
We believe future studies in this area will focus on both material fabrication and device integration. For example, more nano-structured materials will be
explored to provide better device performance. The study of low-temperature fabrication techniques will be essential to achieve enhanced compatibility with
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flexible substrates. As flexible memristors can be easily integrated with various wearable electronic components, a wide range of smart systems with self-
learning and self-adaptation capabilities remain to be developed for signal processing, wearable electronics, robotics, and human-computer interfaces. This
review provides a clear insight regarding the current challenges, potential solutions, and future perspectives, guiding the study of this highly exciting field.
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1. Introduction

The development of artificial intelligence and the Internet of
Things (I0T) brings the requirement for increasing computing
capacity. Conventional computing systems are currently facing
challenges of energy efficiency and the von Neumann
bottleneck.'™ As a result, von Neumann architecture is no
longer considered a promising choice for future computing
systems, mainly due to the separation of processing and
memory units, which hinders the improvement of data proces-
sing speed and leads to high power consumption.*™® Besides,
the trend of increasing computing capacity by device scaling
is hard to continue considering the intensive cost and physical
limitations, which is regarded as the major challenge of
Moore’s Law. The emerging memristive devices can provide a
promising solution for massive data processing with high
energy efficiency, based on the concept of performing data
storage and processing within the same unit, called “in-memory
computing”.*”® The basic element of such devices is called a
memristor, and this concept was first described by L. Chua in
1971.° He inferred that there should exist the fourth fundamental
passive circuit element besides the resistor, capacitor, and induc-
tor that links electric charge and magnetic flux linkage, which
he called the memristor. The function of a memristor cannot be
duplicated with any combination of resistors, capacitors, and
inductors. The memristor has a pinched hysteresis effect, and its
resistance state depends on the past voltage or current. The first
physical demonstration of memristors was reported by HP labs in
2008, based on a metal/insulator/metal structure.’® Since then,
various mechanisms, structures, and materials have been devel-
oped for memristors. Although the argument exists whether
memristors have been realized so far,'* ™ it is generally considered
that a memristor is a non-linear two-terminal memory device with
switchable resistance."*’> A memristor usually consists of two
electrodes and a functional layer between them for memory,
forming a sandwich structure. The resistance of the functional
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layer can be switched via multiple mechanisms, so the memory
effect can be tuned. A memristor typically exhibits two discrete
stable resistance states, and the switching between the low-
resistance state (LRS) and the high-resistance state (HRS) is
controlled by the input signal. Such memristors are often referred
to as resistive random-access memories (ReRAM) or digital type
memristors. Recently, memristors with multiple discrete resis-
tance states have been developed to provide more freedom for
multi-bit storage and computing.'®™ There also exist analog type
memristors with continuously tunable resistance states, which are
very similar to biological synapses with tunable synaptic weight,
bringing new possibilities to advanced computing systems.**>*
Many encouraging functions can be realized by mimicking biolo-
gical synapses with memristors. Considering the high stability, low
power consumption, and promising application, the study of
memristors and integrated neural networks has become increas-
ingly significant in recent years.”*">®

Nowadays, most electronic devices are based on rigid silicon
substrates that can provide high performance but poor
mechanical flexibility, limiting their applications. Properties
such as conformability, stretchability, and bendability are
necessary for wearable electronics, artificial e-skin, soft
robotics, implantable devices, and more.>>?° The past few
decades have witnessed the rapid development of wearable
electronics in various aspects, including medical devices,
healthcare systems, robotics, and human-machine interfaces.
Compared to conventional rigid devices, wearable electronics
can achieve the same functionalities more conveniently and
have enhanced the interaction between the human body and
devices, leading to a wider range of applications. Given the fast-
growing IoT and fifth-generation (5G) technology, wearable
electronics are expected to have ultra-fast data transmission
rates, real-time processing capability, and high reliability.
Despite the advances in functional materials and packaging
designs, wearable electronics still face the challenges of achiev-
ing high computing capacity, high data transmission rate, and
low power consumption. This is mainly due to the limitations
of CMOS technologies and constrained power supply devices.
With the continuous growth of the IoT, the generated large
volume of data sets a higher requirement for the capacity and
efficiency of computing networks. A common solution is to
transmit sensor data to external servers for processing, which
still cannot reduce the total energy consumption and induces
additional problems of transmission and propagation delay.
Thus, a paradigm named ‘“edge computing” has been intro-
duced, which brings computing and memory units close to the
data source for higher computing efficiency.*’** Real-time pre-
processing of the generated data is conducted by the edge
computing system, and only the most important information
is transmitted to the cloud server. As a promising candidate for
wearable electronics, flexible memristors can enable this para-
digm, taking advantage of their power efficiency, scalability,
and adaptability.

Here, we review the recent progress in the development
of flexible memristors for advanced sensing and computing
systems. First, we summarize the typical mechanisms and
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materials for flexible memristors. Then, application examples
for advanced computing and sensing systems are presented
along with the device structures. Finally, we discuss the
potential directions and challenges for future study in this area.

2. Mechanisms and materials

Integration of flexible memristors is mainly implemented by
forming crossbar arrays on various flexible substrates. The top
and bottom electrodes cross each other perpendicularly with
the functional layer between them. Each intersection node is a
memristor unit. The top and bottom electrodes of flexible
memristors are usually made of Ag, Cu, Ni, Pt, Au, and TiN.
Besides, indium tin oxide (ITO) can also be fabricated on
flexible substrates as electrodes, especially for devices that
require optical transparency. Materials for the functional layer
differentiate from each other according to different operating
mechanisms, as detailed below.

2.1. Resistance switching mechanisms

As shown in Fig. 1, the resistance switching mechanisms of
flexible memristors are the same as those of conventional
memristors and can be classified into five categories: conduc-
tive filament, ion migration, charge trapping, ferroelectricity,
and phase transition. The resistance switching of a flexible
memristor is mostly triggered by the electrical signal, and a few
examples of light-motivated memristors have also been
reported,®*” which enable potential applications in optical
and optoelectronic computing and sensing systems. The
mechanisms, materials, and device performance of recently
developed flexible memristors are summarized in Table 1.
Most of the reported flexible memristors are digital type with
binary resistance states, which is easily achievable for all the
five mechanisms, and they are especially suitable for data
storage and Boolean computing. Recently, multilevel and
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Fig. 1 Applications and mechanisms of flexible memristors.
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analog type flexible memristors with multiple or continuous
tunable resistance states have also been reported, showing
good application potential for neuromorphic computing
systems.>**%>3 Unipolar and bipolar switching are the two
switching behaviors found in memristors. The unipolar switch-
ing process is typically driven by thermal effects and the
movement of ions or vacancies, which are independent of the
voltage polarity. Unipolar memristors are often used in applica-
tions where a simple binary switching mechanism is sufficient,
such as data storage and binary computing. For bipolar mem-
ristors, resistance switching depends on the polarity of the
applied voltage. A positive voltage might switch the device to
LRS, while a negative voltage might switch it back to HRS, or
vice versa. The bipolar switching process is driven by mechan-
isms that are sensitive to the direction of the electric field.
Bipolar memristors are often used in applications that require
more complex switching behaviors, such as neuromorphic
computing and programmable logic devices. Both unipolar
and bipolar memristors can be analog type, but bipolar mem-
ristors are more commonly applied due to better control of
resistance states.

2.1.1. Conductive filament. Resistance switching based on
conductive filament is the most common mechanism for
flexible memristors. In this case, a conductive filament is
generated inside the functional layer under voltage bias. To
form the conductive filament, electrochemical metallization is
one standard process. Using this process, active metals such as
Ag, Cu, and Ni act as anode because they are involved in the
electrochemical reaction, while Pt, Au, TiN, and ITO are often
chosen as cathode materials. When a positive voltage is
applied, an oxide reaction takes place at the anode interface.
Next, the generated metal ions diffuse to the cathode under the
electric field and get reduced. These ions are then reduced by
meeting the electrons or anions at the cathode interface or
inside the electrolyte. Accumulation of the reduced metal ions
leads to the formation of conductive filaments between the two
electrodes so that the memristor can be switched from HRS
to LRS. When a negative voltage is applied, the conductive
filament breaks during the backward reaction, so the memris-
tor returns to HRS. A large number of materials can be used
as the functional layer for filament formation, including metal
oxides,*>**7 polymers,*®**>%%° perovskites,*"*>*" and 2D
materials. The conductive filament formation can also be
triggered by the valence change process, which is often
observed in various metal oxides like HfO,,°®®” Ta0,,°*®® and
Zn0.”%7* Perovskites and 2D materials can also be applied to
this process.”>””* Similar to the electrochemical metallization,
the resistance switching is attributed to the migration of anions
or vacancies under the voltage bias. Pt, Au, and ITO are
preferred as electrode materials and are not involved in redox
reactions of the filament forming process. In some cases,
conductive filament formation can also be triggered by light
stimulus.®*7°

Most filamentary memristors are digital type with abrupt
resistance switching considering the process of forming con-
ductive filaments. The generated filaments usually have good
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On/off Bending
resistance Switching Retention Endurance radius Bending
Mechanism Substrate Electrode Functional layer ratio voltage [V] time [cycles] [mm] cycles  Ref.
Conductive filament PET Ag/Pt PEI-AgClO, 10° 1.2/-1.2 10° s 500 5 200 38
Conductive filament PEN Ag/ITO Mn-ZnO 2.7 x 10° 0.7/-0.6  10*s 50 10 39
Conductive filament PEN Au/ITO PMMA electrolyte 10* 6/—6 2.5 x 10° s 400 5 2500 40
Conductive filament Mica Au/ITO Cs,AgBiBrg perovskite >10 1.53/—3.4 10°s 1000 9.25 10* 41
Conductive filament PET Au/ITO MASNBr; perovskite  10-10°  0.65/—3.5 10%s 10* 7.84 1000 42
Conductive filament Mica Al-doped NiO >10° 0.5/—0.5 10°s 1000 6.5 1000 43
ZnO

Ion migration Ag Ag,S 50-70 0.2/-0.2 10%s 10° 3 1000 44
Ion migration PET ITO PEI/PAA electrolyte 50 2.5/-1.5 10*s 2 x 10* 2 10* 45
Charge trapping PVP Ag nanowires Citric acid 10° 2.5/0 10* s 15 100 46

quantum dots
Charge trapping PET Au/ITO Cs;Bi,lo nanosheets  10° 0.3/-0.5 10*s 1000 9 100 47
Charge trapping PEN Al/ITO InP/ZnSe/ZnS 85 x 10° 2.1/-3.1  10*s 100 10 100 48

quantum dots
Ferroelectricity Mica Au/SrRuO;  BiFeOj, >10 13/-16 5 10* 49
Ferroelectricity PET Au/Pt BaTiO;/Lagy ;SrosMnO; 5 3/—-4 7 h 1.5 100 50
Ferroelectricity Mica W/TIiN Hf, 5Zr( 50, 20 3/-3 10 100 51
Phase transition PI Pt/TiN Sb,Te;/GeTe 100 3.5/-3.5 10*s 10* 4 200 52

superlattice

stability at room temperature, leading to relatively high device
retention and durability. There are only a few reports on
multilevel and analog type devices because it is hard to manip-
ulate the growth and rupture of the filament.>*”’”” Moreover, the
stochastic formation of conductive filaments can affect the
uniformity and stability of the device, which is the main
problem that remains to be addressed.

2.1.2. Ton migration. Recently, memristors based on ion
migration have been developed to achieve faster switching
speed, lower power consumption, and better reliability com-
pared to filamentary memristors. Since the switching process
does not require the formation of conductive filaments, cycle-
to-cycle and device-to-device variation can be suppressed. Typi-
cally, the switching is still based on redox reactions occurring
at the electrode interface, and the generated ions distribute
uniformly at the interface, guaranteeing good device uniformity.
The switching mechanisms have not yet been fully explored, and
only a few demonstrations have been reported. For example, Zhu
et al. fabricated a full-inorganic flexible memristor based on an Ag/
Ag,S/HfO,/Ag layered structure.** HfO, was the insulating layer,
and Ag,S was the functional layer. The switching was attributed to
the change of Schottky barrier height caused by the accumulation
and depletion of Ag" ions at the electrode/electrolyte interface. This
memristor consumes about two orders of magnitude lower energy
for resistance switching compared to its filamentary counterpart
because conductive filament formation inside the functional layer
requires an additional reduction process of the migrated ions.
Ren et al. introduced a bilayer flexible memristor based on poly-
(acrylic acid) (PAA) and polyethylenimine (PEI) polyelectrolyte
materials.”® The formation and vanishing of the ionic double layer
at the PAA/PEI interface under different voltage biases was the
cause of the resistance switching of the memristor. For the setting
process, polyanion (PAA) counterions (H') migrate to the electrode
surface. If the thickness of the PAA layer is thin enough, cations
(-NH;") from the PEI chain will also move into the PAA layer.

4018 | Mater. Horiz., 2024, 11, 4015-4036

At the same time, an asymmetrical phenomenon takes place on
another electrode and within the PEI layer. As a result, the ionic
double layer disappears, and the memristor is at LRS. For the reset
process, the counterions and the penetrated polyelectrolyte chains
leave the electrode surface and form depletion layers at both
electrodes. When further increasing the applied voltage, the poly-
electrolyte chains will separate from one another. Finally, the ionic
double layer reappears and the device returns to HRS.

2.1.3. Charge trapping. The charge trapping mechanism is
usually observed in flexible memristors containing nanostruc-
tured materials due to the abundant defects of charge trapping
centers. Those trapping centers are initially empty, corres-
ponding to the HRS of the memristor. The charge injection
mechanism is dominated by Ohmic conduction, and thermally
generated free carriers are the predominant charge carriers.
As the applied positive voltage bias increases, injected electrons
or vacancies fill in the trapping centers. Then, the injected
charge carriers are more than thermally generated ones, so the
space-charge-limited current (SCLC) gradually becomes the
dominant charge injection mechanism.*>*” When all the traps
are filled up, the carriers can move freely in the functional layer,
and as a result, the memristor is switched to LRS. Once a
negative voltage bias is applied, the charge carriers move out
of the trapping centers, and the memristor returns to HRS.
In many cases, the charge trapping mechanism is often accom-
panied by the conductive filament mechanism, as the SCLC
can assist in the ion migration and filament formation
process.*®’®’® The charge trapping mechanism can also be
applied to light-motivated memristors.””® In this case, an
electric field is applied through the electrodes, and electron-
hole pairs will be generated in the functional layer when the
memristor is exposed to light. Light wavelength and intensity
can influence the efficiency of this process. Photo-generated
charge carriers can be trapped in various defects, changing
the local electric field and driving the ion migration process.

This journal is © The Royal Society of Chemistry 2024
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As a result, the device is switched to LRS. For certain
heterojunction-based memristors, light-induced charge carrier
migration and trapping can change the energy band alignment,
which is another way of resistance switching. As the device
resistance is a function of trapped charge carrier concentration
and can be continuously tuned, multilevel and analog type
memristors can be more easily realized compared to the con-
ductive filament mechanism. Typical materials developed for
charge-trapping memristors include perovskites,"”*" quantum
dots,*®*® and various 2D materials,®>”%%%8% which have abun-
dant charge trapping sites and can all be fabricated at low
temperatures and exhibit good compatibility with flexible
substrates.

2.1.4. Ferroelectricity. Ferroelectric materials are initially
used for ferroelectric random-access memory. Good stability,
high switching speed, and low power operation make them a
promising candidate for flexible memristors.***> The resis-
tance switching process of ferroelectric memristors is related
to the electric polarization of ferroelectric materials, which is
controlled by the applied electric field. Ferroelectric materials
exhibit spontaneous polarization without the external electric
field. The net polarization increases nonlinearly with the
applied electric field and finally gets saturated. When the
applied field is withdrawn, the net polarization maintains a
certain value. When an opposite electric field is applied, the
polarization direction rotates to the opposite direction and
reaches the negative saturation value. The polarization of ferro-
electric materials depends on both the current electric field and
its history, indicating the hysteresis effect and memory func-
tion. Polarization switching can be described by the reconstruc-
tion of ferroelectric domains, involving domain nucleation,
domain wall motion, and domain switching. If the ferroelectric
layer between two electrodes is thin enough, electrons can
tunnel through to switch the polarization, which is the working
principle of ferroelectric tunnel junctions. This can help
increase the switching speed and lower the energy consump-
tion of the device.

Ferroelectric memristors have better performance than fila-
ment based memristors because electric polarization can be
precisely controlled. It is noted that the change in the ferro-
electric domain is always continuous so that multilevel and
continuous resistance switching between LRS and HRS can be
achieved. Moreover, they also have the advantages of high
switching speed, low switching energy, and good integration
scalability. Most ferroelectric materials are rigid and have poor
ductility and bending ability, which is the first problem that
needs to be addressed. The reported ferroelectric materials
for flexible memristors include BiFeO;,*° BaTiO;,>° and
Hf, sZr,50,.> More flexible ferroelectric materials remain to
be explored. In most cases, muscovite mica is used as the
substrate material, because the processing temperature of the
ferroelectric materials is above the decomposition temperature
of the commonly used polymer substrates. Recent studies have
introduced a strategy that can prepare ferroelectric materials on
a wide range of flexible substrates including polymers.?*®®
In this case, ferroelectric thin film is first synthesized on a

This journal is © The Royal Society of Chemistry 2024
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sacrificial buffer layer. After that, the buffer layer is removed
so that the obtained ferroelectric film can be lifted off and
attached to the target substrate.

2.1.5. Phase transition. Phase transition is the most
mature memory technology that has been developed so far.
Compared to filamentary memristors, phase transition mem-
ristors have the advantages of faster speed, lower variability,
better stability, and longer endurance. The resistance switching
is related to partial crystallization and amorphization of the
phase change material. A high current is required when the
device is switched to HRS, and the phase transition layer is
partially melted and quickly cooled down to form the amor-
phous phase. Phase transition memristors generally require
high switching energy because of the high transition tempera-
ture. When a relatively low current is applied, the amorphous
area undergoes nucleation and crystallization so that the device
returns to LRS. Therefore, the crystallization rate is a key factor
that affects the switching speed of the device. The crystal-
lization and amorphization are both gradual processes with a
continuous resistance change. Any resistance state in these
processes can be easily maintained under certain input stimuli.
Therefore, phase transition provides an ideal way to realize
multilevel and analog type memristors.

One challenge for such memristors is that most phase
change materials are difficult to fabricate on flexible substrates
due to the uneven surface.®® The high temperature required for
the fabrication and phase change process of such materials
also impedes their applications in wearable electronics.
As temperature plays an important role in the phase transition
process, thermal management becomes an important topic,
especially for device scaling. Another inevitable problem is the
resistance shift caused by structural relaxation in the amor-
phous phase.’”®! This process is a thermally activated rearran-
gement of the amorphous structure at the atomic scale. The
resistance increases spontaneously due to reduced concen-
tration of point defects and localized states, as well as relaxa-
tion of compressive stress. Considering the above challenges,
very few examples of flexible phase transition memristors have
been reported so far. For example, Khan et al. prepared a phase-
change memory device using a low-temperature fabricate
technique.>® The superlattice phase-change material contain-
ing alternating Sb,Te; and GeTe layers was directly sputtered
on a flexible PI substrate at 180 °C. The flexible phase-change
memory device exhibited multilevel resistance switching cap-
ability and ultralow reset current density. Moreover, van der
Waals gaps in the superlattice material could help control
structural relaxation and long-range atomic diffusion so that
the resistance drift was suppressed and multilevel switching
could be achieved. Another feasible fabrication method relies
on the physical lift-off process.””* The phase change material
is initially synthesized on a proper solid substrate and then
transferred to the flexible substrate.

2.2. Flexible substrates

Substrates play an important role in achieving mechanical
flexibility, user comfort, and other functionalities for wearable

Mater. Horiz., 2024, 11, 4015-4036 | 4019
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Glass transition Maximum service Thermal expansion Density Young’s
Substrate temperature [°C] temperature [°C] coefficient [ppm °C™] [g em™?] modulus [GPa] Transparency
PET 78 140 15-25 1.38 2.8 Good
PEN 120 155 18-20 1.36 3.0 Good
PDMS 125 350 310 0.96 2.1 Good
PI 340 400 50 1.36 2.6 Poor
Mica 500-600 9-36 2.82 1.4-2.1 Poor
PU —-35 90-150 15-210 0.05-1.7 0.02-5.5 Poor
Table 3 Properties of different types of flexible substrates
Substrate Mechanical strength  Stretchability = Surface adhesion = Chemical stability =~ Thermal stability =~ Breathability
Polymers Fair Good Fair Fair Poor-Fair Poor-Fair
Mica Good Poor Good Good Good Poor
Hydrogels Fair Good Fair-Good Fair Poor Good
Porous polymers Fair Good Fair Fair Poor-Fair Good
Cellulose paper Poor Poor Poor Poor Fair Good
Fabrics Good Good Poor-Fair Fair-Good Fair-Good Good
Electrospun nanofibers  Good Good Good Fair-Good Fair-Good Good

electronics. Flexible substrates serve as an intermediate layer
between the human body and devices while protecting devices
and interconnects from mechanical damage and environmen-
tal erosion. Many factors need to be considered for the selec-
tion of substrates including dielectric properties, thermal
and chemical stability, surface roughness, interface adhesion,
water resistance, permeability, and optical transparency. For
wearable devices in direct contact with the human body,
biocompatibility, non-toxicity, breathability, and comfortability
are required for the long-term safety use of substrates. More-
over, the cost and scalability of substrates are critical for large-
scale production and miniaturization of flexible electronics.
Parameters of the commonly used flexible substrates and
properties of different types of flexible substrates are summar-
ized in Tables 2, 3 and Fig. 2.

Generally, all substrates reported for wearable electronics
can be potential candidates for flexible memristors. For most of
the reported flexible memristors, the mechanical flexibility is
attributed to polymer substrates. Polymeric substrates have the

Mechanical strength

Breathability

- Stretchability

#==Polymers
==o==Mica
== Hydrogels
Porous polymers
Cellulose paper
== Fabrics
Electrospun nanofibers

Thermal stability Surface adhesion

Chemical stability

Fig. 2 Properties of different types of flexible substrates.
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advantages of high mechanical flexibility, conformability, light-
weight, and low cost, making them ideal for wearable applica-
tions. Polyethylene terephthalate (PET),>***°* polyethylene
naphthalene (PEN),*>>%” polydimethylsiloxane (PDMS),”">%¢
and polyimide (PI)*>°”%® are commonly used polymer sub-
strates for flexible memristors. PET and PEN are both widely
used electrical insulators with good stability, low gas perme-
ability, low production cost, high strength, and relatively small
thermal expansion coefficient. They provide good resistance to
many solvents like ethanol, ketones, ester hydrocarbon, some
acids, and certain alkalis. Also, their intrinsic transparency
makes them suitable for optical applications. However, the
relatively high stiffness limits their use for highly flexible
applications.”® PDMS is a well-developed polymer substrate
for flexible electronics. It has high mechanical flexibility and
stretchability, good thermal and chemical stability, high trans-
parency, and good biological compatibility. More importantly,
mature technologies for surface modification of PDMS strongly
enrich its functionalities, offering flexibility to tune its self-
healing property, elasticity, modulus, and transparency.'® PI is
another widely commercialized polymer substrate. It exhibits
unique electrical properties, high mechanical strength, and
high radiation and solvent resistance. Also, its high glass
transition temperature and low thermal expansion coefficient
can allow device fabrication with a processing temperature of
up to 350 °C. However, the relatively high production cost, low
solubility, and low transparency limit its applications.***"!
Although few demonstrations have been reported, copolymer
elastomers, hydrogels, cellulose, and other organic materials
also exhibit good potential to act as flexible substrates for
memristors. >

Despite the low fabrication cost and good mechanical flex-
ibility of these organic substrates, the low processing-stable
temperature and poor adhesion are the major problems that
affect the device’s lifetime and stability. Recently, muscovite
mica has been considered an ideal inorganic substrate for

This journal is © The Royal Society of Chemistry 2024
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flexible electronics.®>1%¢

The atomically flat surface and high
thermal stability make it compatible with the fabrication of
various materials. The absence of dangling bonds on the mica
surface can mitigate the influence of lattice mismatch and
thermal mismatch. Due to the weak van der Waals inter-layer
interaction, the thickness of mica can be easily reduced via
exfoliation to provide superior mechanical flexibility. The high
mechanical strength and chemical inertness make it suitable
for a wide range of application scenarios.

In many application scenarios, flexible devices need to be
directly attached to the human body, which requires good
breathability and lightweight. Therefore, substrates with high
permeability like PDMS, PET, PI, and hydrogels are preferred in
such cases. Besides, many porous materials exhibit good
potential for flexible electronics considering their low density,
large specific surface area, good deformability, high damage
resistance, and enhanced chemical activity.'®” There are two
types of porous substrates based on different pore structures.
Fiber-based porous substrates are woven textiles or fabrics
composed of various fiber-based raw materials and usually
have enhanced fatigue resistance. Non-fiber-based porous sub-
strates are mostly porous elastomers with good stretchability
such as porous PDMS and polyurethane (PU). Although the
rough surface is not compatible with traditional CMOS processing
technologies, a variety of methods have been demonstrated to
construct electric components on porous substrates.'** ™" Due to
the large interfacial area and sufficient bonding sites, porous
substrates can achieve enhanced interfacial adhesion. The porous
structure also provides a large number of channels for air and
water vapor, making the substrate breathable and comfortable for
long-term wearing.

Recently, a new integration strategy has been introduced for
flexible memristors without the use of flexible substrates." ">
Herein, fiber-based memristors have been designed as woven
textiles with intrinsic crossbar structures. Ag, Pt, and CNT
fibers can be chosen as electrodes. Different functional layers
can be directly fabricated on the fiber electrode surface via dip-
coating or atomic layer deposition. Such design can help reduce
the fabrication complexity and cost while offering good breath-
ability and flexibility. The obtained textiles can be seamlessly
integrated with other wearable electronics to achieve multi-
functional smart textile systems.

2.3. Functional layers

The device performance of the memristor is directly related to the
functional layer. The switching mechanism, functional materials,
and layer thickness are three important factors that affect the
resistance switching performance. It should be noted that although
reducing the layer thickness and size within the proper range can
help improve the device switching speed and lower the switching
voltage, it can lead to reduced switching endurance, higher static
power consumption, and larger device variation.****>1® Therefore,
recent work on memristor performance is mainly focused on
mechanism study and optimization of functional materials.

2.3.1. Organic materials. Organic materials are ideal can-
didates for flexible memristors because of their intrinsic

This journal is © The Royal Society of Chemistry 2024
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mechanical flexibility, simple fabrication process, and low cost.
They are mainly used for memristors based on conductive
filament and ion migration. Organic functional layers require
good ion conductivity and dielectric properties to guarantee the
filament formation process and high resistance switching ratio.
The reported candidates include poly(methyl methacrylate)
(PMMA),*® polyethylenimine (PEI),>® and poly(vinylidene fluor-
ide) (PVDF).""”""'® Sometimes, adding metal salts and other
fillers can help improve ion conductivity and reduce device
variance. However, poor resistance to atmospheric humidity
and oxygen usually leads to a change in material composition
and the deterioration of device endurance. Besides, organic
materials are more sensitive to high electric field compared
with inorganic counterparts, which can influence the stability
and lifetime of the device. Further improvements in integration
density and material functionality are also challenges for such
memristors.

2.3.2. Metal oxides. Metal oxides are early developed mate-
rials for filamentary memristors based on the migration of
cations or anions. They have the advantages of high stability,
low operating energy, scalable cell size, and good CMOS
compatibility as the functional layer."*® Transition-metal oxides
such as ZnO, TaO,, HfO,, TiO,, SnO,, and Al,O; are among the
rigorously studied materials recently. They can be fabricated
using simple and low-cost methods like radiofrequency (RF)
magnetron sputtering, sol-gel, and hydrothermal techniques.
RF magnetron sputtering is a common technology for fabricat-
ing various metal oxides.'**'** As it does not require a con-
ductive substrate and can be performed at low or even room
temperatures, this technology is compatible with a wide range
of flexible substrates. Other techniques like sol-gel, hydrother-
mal, and spin coating can also be used to prepare the func-
tional layer at relatively low temperatures, and the material
morphology can be well-controlled,**631267128

2.3.3. Perovskites. Considering the high ion conductivity,
tunable bandgap, and low-cost fabrication process, halide
perovskites have been intensively studied for memristors in
recent years."”*""*' They are mostly used for charge trapping
and filamentary memristors. The general chemical formula for
perovskites is ABX;, where A represents a monovalent organic
or inorganic cation, B denotes a metal cation, and X is a halide
anion octahedrally coordinated to B. They can usually be
prepared using solution-based techniques at low cost. These
methods are compatible with large-area manufacturing and can
be conducted at low temperatures, reducing production costs
and enabling the scalability of flexible memristors. Perovskites
can usually be integrated onto various flexible substrates and
withstand mechanical stress such as bending, stretching, and
twisting without losing functionality. This is essential for
wearable applications. Intensive research has been conducted
on perovskites over the past decades for solar cells due to their
excellent optoelectronic and charge-transport properties.
Therefore, perovskites are also ideal for light-motivated mem-
ristors. However, perovskites are often unstable when exposed
to moisture, oxygen, and high temperatures. The toxicity of
perovskites is another problem that hinders their commercial

Mater. Horiz., 2024, 11, 4015-4036 | 4021


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d4mh00291a

Open Access Article. Published on 26 June 2024. Downloaded on 6/17/2026 11:44:29 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Review

application because lead is a common component and can lead
to potential environmental pollution. Improving the stability of
such materials and developing lead-free perovskites are two
important topics in this area.

2.3.4. 2D materials. 2D materials, including graphene,
MXene, 2D perovskites, and transition metal dichalcogenides
(TMDs), have gained increasing interest owing to their high
conductivity, large carrier mobility, high mechanical strength,
good stability, and tunable properties. Emerging 2D materials
can help increase device stability and endurance while reducing
the energy consumption, which can be a better choice for future
memristors compared with other candidates.”>'** The atomic-
scale thickness leads to very short diffusion pathways for
charge carriers, combined with the high conductivity and
carrier mobility, 2D materials can provide fast resistance
switching speed and low operating voltage. Moreover, the
device-to-device variation can be suppressed owing to their
uniform surface. The large variety of 2D materials can also
allow the design of devices with different functionalities based
on high-quality heterostructures.'*>7*3

2.3.5. Quantum dots. Quantum dots are semiconductor
nanocrystals that exhibit unique optical and electronic properties
due to their nanoscale dimensions. Many properties of quantum
dots can be precisely controlled by adjusting the particle size,
shape, and composition during the fabrication process. The dis-
tinct electronic states of QDs can lead to a high on/off resistance
ratio, providing better control of resistance states. The efficient
charge transport properties of quantum dots can help achieve fast
switching speed and low switching power, making them ideal for
energy-efficient devices. Moreover, quantum dots can be fabricated
using inexpensive solution-based processes, which can be carried
out at room temperature under ambient pressure.’*>'*® Quantum
dots also have excellent optoelectronic properties, enabling
the development of light-motivated memristors with more
functionalities."*”**

3. Applications

Taking advantage of high flexibility and conformability, flexible
electronics provide an imperceptible interaction between devices
and the human body. The motion artifacts and mechanical mis-
matches can be effectively reduced compared with conventional
rigid electronics, leading to better data quality.*® The development
of flexible memristors also satisfies the requirement of achieving a
higher level of comfort, convenience, connection, and intelligence
for wearable devices in the era of artificial intelligence and IoT."*°
The integration of flexible memristors and other flexible compo-
nents is an ideal platform for designing multifunctional devices
with excellent computing capability and energy efficiency, which
can be widely used in smart textiles, healthcare equipment, soft
robots, and human-machine interfaces.

3.1. Advanced computing systems

Memristor logic circuits are fundamental building blocks
for in-memory computing systems and can pave the way for
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studying advanced computing architectures. Input and output
are stored in the memristor unit as the resistance state. The
computing process is based on Boolean logic functions and
requires arithmetic logic units. Therefore, digital type memris-
tors with abrupt resistance switching are preferred. High on/off
resistance ratio and long retention are important requirements
for such non-volatile memory and binary computing. Fast
switching speed and low switching voltage can help improve
computing capability and efficiency. Recently, Jang et al
demonstrated NOT and NOR gates based on polymer memris-
tor arrays (Fig. 3a and b)."*" They also showed that other basic
Boolean functions like OR, AND, and NAND gates could be
implemented within the array by simply combining the NOT
and NOR gates. Meng et al. introduced FALSE, material impli-
cation (IMP), and NAND logic gates using the flexible boron
nitride-based memristors.”® The FALSE gate was achieved by
applying the reset voltage to the memristor so that it always
yielded logic “0”. The IMP gate contained two memristors and
a series resistor (Fig. 3c). The input states were the initial
resistance states of A and B, and the output state was the
resistance state of B after applying voltage pulses. The NAND
logic gate was realized by adding a parallel memristor (Device
C) to the IMP gate circuit (Fig. 3d). The development of Boolean
logic circuits based on flexible memristors provides the possi-
bility for achieving digital in-memory computing systems with
zero static power consumption and high efficiency.
Neuromorphic computing is a promising solution to go
beyond von Neumann architecture and achieve massive data
processing with low power consumption, inspired by the
human brain structure. It has been widely used in data-
intensive areas such as artificial intelligence (AI), IoT, and
machine learning. The functions of a biological neural network
are too complex to be artificially replicated. In a simplified
model, a neural network is generally composed of two types of
basic elements named neurons and synapses. All processing in
neurons uses analog chemical signals. A neuron receives exter-
nal input signals through dendrites and transmits them to
other neurons through synapses. Synapse can scale the passing-
through signals according to the synaptic weight so that learn-
ing capability can be achieved.>'** Since neuromorphic com-
puting systems require the ability to conduct memory and
computation simultaneously, memristors are one ideal element
for implementing such systems at the hardware level. The
conductance of a memristor can represent synaptic weight
and can be tuned by input signals. It should be noted that
one type of three-terminal device named synaptic transistors is
also under intensive study for neuromorphic computing sys-
tems. Compared with synaptic transistors, the two-terminal
memristors have the advantages of low power consumption
and compact device structure and can be easily integrated on
a large scale.®® The simple two-terminal device can easily
achieve high-density and large-scale integrated structures.
Memristor-based artificial synapses are regarded as a pro-
mising candidate for neuromorphic computing systems. The
modulation of synaptic weights based on external stimuli is
simulated by gradual resistance switching of the memristor.

This journal is © The Royal Society of Chemistry 2024
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Fig. 3 Schematic of the memristor-based (a) NOT gate, (b) NOR gate, (c) IMP gate, and (d) NAND gate. (a) and (b) Reproduced with permission.***

Copyright 2017, Springer Nature. (c) and (d) Reproduced with permission.>*

The change of resistance states of the memristor resembles
synaptic plasticity, which describes the ability of synapses to
strengthen or weaken the synaptic weight in response to
stimuli. Therefore, multilevel and analog type memristors are
always preferred for such applications. Large on/off resistance
ratio, high linearity, good I-V symmetry, and low power con-
sumption are important requirements for them. A sufficiently
large resistance switching ratio can improve the identification
accuracy of the resistance state and increase the dynamic
range, offering better control of synaptic weight. Good linearity
and I-V symmetry are both important to ensure uniform
resistance change with the applied signal.

So far, many synaptic characteristics have been realized with
memristors, including short-term plasticity (STP), short-term
depression (STD), long-term plasticity (LTP), long-term depression
(LTD), paired-pulse facilitation (PPF), spike-time-dependent plas-
ticity (STDP), and spike-rating-dependent plasticity (SRDP)."**4°
STP and STD are the temporal enhancement or decay of synaptic
weight between the presynaptic neuron and the postsynaptic
neuron within a short time scale of milliseconds to minutes,
while LTP and LTD refer to the long-lasting change of synaptic
weight. PPF is a form of STP characterized by an increase in
sequentially evoked post-synaptic potentials. STDP describes the
process that adjusts the synaptic connection strength depending
on the relative timing of a particular neuron’s input and output
spikes. These characteristics are essential for the construction of
neuromorphic computing systems.

Artificial neural networks (ANNs) and spiking neural net-
works (SNNs) are two commonly used machine learning models
for neuromorphic computing systems. An ANN consists of
connected nodes called artificial neurons. Each node connects
to another and has the corresponding weight and threshold.
The nodes are typically divided into an input layer, one or more
hidden layers, and an output layer to perform different trans-
formations on the input signal. If the output of any individual
node is above a specified threshold, the node will be activated,
sending a signal to the next layer. Nowadays, ANNs have been
applied to a lot of areas like computer vision, natural language
processing, and autonomous driving. Most existing ANNs are

This journal is © The Royal Society of Chemistry 2024
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built on conventional computing systems with von Neumann
architecture. For such software based ANNSs, the learning para-
meters stored in memory are iteratively introduced to the
processor to perform the task. The bottleneck issue arising
from the movement of large datasets will eventually reduce
energy and time efficiency when operating ANN software.
Hardware-based ANNs composed of memristors can simulta-
neously transmit and process information without retrieving
the stored parameters repeatedly. As a result, hardware-based
ANNs are expected to address the bottleneck issue and provide
much higher efficiency and computing capability.

Recently, Wang et al. introduced a flexible 3D ANN consist-
ing of stacked crossbar Pt/HfAlO,/TaN memristor arrays for
information transmission and processing.'”® The fabricated
memristor exhibited ultralow energy consumption down to
4.28 aJ per synaptic spike, even lower than a biological synapse.
Multichannel information transmission was performed using a
three-layer 6 x 6 crossbar memristor array. The tunable resis-
tance of the memristors could simulate synaptic weight with
continuous modulation for efficient neuromorphic computing.
In this work, the 3D ANN with input layer (784 neurons),
hidden layer (64 neurons), and output layer (10 neurons) was
trained for MNIST pattern recognition, as shown in Fig. 4a, and
the recognition accuracy was up to 88.8%. Besides, the ANN
showed high fault tolerance as the recognition rate was higher
than 80% and 70%, with the noise level of 30% and 60%,
respectively (Fig. 4b and c). This work can inspire the develop-
ment of neuromorphic computing systems with ultralow power
consumption and high fault tolerance. Another good example
reported recently is an in-sensor neuromorphic computing
system based on flexible MXene-ZnO memristors.”* The mem-
ristors were integrated into an artificial visual system to pre-
process the raw data, including noise suppression and filtering.
Then, the information was transmitted to an ANN to complete
the training of image recognition. The accuracy under different
relative humidity ranges from 0% to 20% and 40% to 60% was
75.44% and 82.96%, respectively, indicating good environ-
mental adaptability (Fig. 4d and e). This neuromorphic visual
system could adapt to the environment with different light
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Copyright 2021, Wiley-VCH.

intensities and relative humidity while maintaining higher
recognition accuracy compared to the system without the
memristor arrays. This work provides a potential solution for
multimodal in-sensor computing to reduce the circuitry com-
plexity of traditional neuromorphic visual systems.

A few modified types of ANNs have also been demonstrated
on flexible memristor arrays recently, showing promising
potential for applications like image recognition and combina-
torial optimization. Zhang et al. developed a polymer memris-
tor array that acted as both an in-memory Boolean logic
element and a hardware accelerator for neuromorphic comput-
ing (Fig. 5a and b)."*' The 2D conjugated polymer memristor is
digital type with binary resistance states. A binary neural net-
work (BNN) was built to perform pattern recognition. Herein,
logic 0 and 1 are defined in accordance with HRS and LRS,

4024 | Mater. Horiz., 2024, 11, 4015-4036

while synaptic weights and neuron activations are set to be +1
or —1. Compared to most ANNs built with analog type memris-
tors, the BNN can achieve more precise weight updating and
better computing accuracy. The bit-wise operation can signifi-
cantly reduce memory and computing resource usage. Simula-
tion of offline supervised learning was conducted and achieved
99.23% recognizing accuracy for 10 000 images (28 x 28 pixels)
from the MNIST handwritten database. Online learning simu-
lation also achieved a high recognizing rate of 97.13% after
1 epoch training with 60000 images. Kim et al. reported an
example of using flexible memristors for combinatorial opti-
mization of the max-cut problem (Fig. 5¢ and d)."*> The Hop-
field neural network (HNN) composed of a 6 x 6 memristor
synapse array was developed to solve the max-cut problem with
six nodes. The system consumed only about 75.3 {] to get the

This journal is © The Royal Society of Chemistry 2024
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solution, which is highly superior to other systems. The HNN
also exhibited good potential for dealing with more complex
combinatorial optimization, and a benchmark of the max-cut
problem comprising large graphs was used for the analysis.
This work offers a promising strategy for designing flexible
neural networks with the ability to solve nonpolynomial hard
problems, which is essential for the combination of wearable
electronics and artificial intelligence systems.

Compared with ANNs with static input, the operation of
SNNs is based on dynamic spiking input as a function of time.
When the membrane potential is beyond the threshold, the
neuron generates a spike to postsynapses. Neurons in SNNs
transmit information only when the membrane potential
reaches the threshold. Therefore, SNNs can mimic biological
neural networks more closely and have higher power efficiency.
The most prominent spiking neuron model is the leaky
integrate-and-fire model. The momentary activation level is
considered as the neuron state. The incoming spikes make
this value higher or lower until it reaches the threshold so that
the neuron fires. After that, the neuron state returns to the reset
state. Memristors with good scalability, low power consump-
tion, and fast switching speed have been used to construct
hardware-based SNNs. Among the synaptic characteristics men-
tioned before, STDP and SRDP are especially important for the
construction of SNNs. The training process of SNNs depends on
STDP or SRDP according to different signal encoding methods.

This journal is © The Royal Society of Chemistry 2024
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The STDP learning rule illustrates the relationship between the
timing of neurons and the updating of the weights. LTP occurs
when postsynaptic spikes follow presynaptic spikes, and LTD
occurs when postsynaptic spikes precede presynaptic spikes.
The SRDP learning rule describes the synaptic weights mod-
ified by firing frequency. The high frequency of presynaptic
spikes leads to LTP, and the low frequency induces LTD.
Although the implementation of SNNs faces many challenges,
like the lack of mature training algorithms and high computa-
tional complexity, several examples based on flexible memris-
tors have been proposed with good application potential.
Tang et al. reported a flexible halide perovskite memristor
and simulated the dynamics of the attributed artificial
neuron."® The artificial neuron model circuit was composed
of a resistor as the synaptic weight, an output resistor for
outputting spikes, and a capacitor for integrating charges
(Fig. 6a). When the input voltage was applied, the capacitor
began to charge along the R-C loop, and the membrane
potential V,, increased (Fig. 6b). Once V,, reached the thresh-
old, the memristor turned on, and the voltage applied on Ry
increased drastically so that the artificial neuron generated a
spike. Then, the capacitor began to discharge, leading to a
decrease in V,,. During this process, the artificial neuron did
not have any output response, which could emulate the refrac-
tory period of the biological neuron. Finally, the memristor was
switched to HRS, and the artificial neuron returned to its
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Fig. 6 (a) Simulated /-V curve of the Au/OIHP/Au/PEN threshold switching memristor. The inset is a schematic diagram of the artificial neuron
equivalent circuit. (b) Leaky integrate-and-fire dynamics of a threshold switching memristor-based artificial neuron. (c) Schematic of the two-layer SNN
consisting of RSM synapses and TSM output neurons for digit recognition. (d) Illustration of the fully memristive SNN based on dual-mode memristor
arrays in RS and TS modes for synapses and output neurons, respectively. (e) Conductance map of the RSM array after training. (f) Simulated output
signals of the fired output neurons for the corresponding digits. N1-N10 represent the 10 output neurons as illustrated in (c). (g) Confusion matrix
between actual (input) and predicted (output) digits. Large values along the diagonal line demonstrate the successful recognition of digits by the fully
memristive SNN. (a) and (b) Reproduced with permission.*>®* Copyright 2022, Royal Society of Chemistry. (c)-(g) Reproduced with permission.*>*
Copyright 2022, John Wiley & Sons.

original state. Wang et al. constructed a hardware SNN based
on dual-mode memristor arrays.">* In this case, the resistance
switching mode (RSM) and threshold switching mode (TSM)
memristors were artificial synapses and output neurons,
respectively. Unsupervised learning for digit recognition was
successfully performed on this SNN consisting of 30 input
neurons, 300 synapses, and 10 output neurons, suggesting
its great potential for neuromorphic computing (Fig. 6c-g).
However, it should be noted that since training with the SNN

4026 | Mater. Horiz., 2024, 11, 4015-4036

model remains a challenge, and the corresponding algorithms
are more suitable for low-accuracy computing applications,
ANNs are always preferred as the training model for neuro-
morphic computing systems, considering the faster speed and
higher accuracy.

3.2. Advanced sensing systems

Mechanical flexibility and stretchability make it possible to
seamlessly integrate flexible memristors with varieties of

This journal is © The Royal Society of Chemistry 2024
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sensors to achieve high-performance sensing systems for wearable
electronics, healthcare systems, robotics, and human-machine
interfaces. The biological nervous system exhibits various func-
tions, including sensory perception, data integration process,
motor command, physiologic function management, and cog-
nitive processes (memory and learning). Biological nervous
systems employ a decentralized, parallel, event-driven strategy,
using synapses and neurons to process information. Consider-
ing the actual application scenario, artificial synapses based on
memristors are basically for the preprocessing and computing
of sensor signals. Synaptic characteristics introduced before are
required depending on the data processing model. For exam-
ple, humans fortify their tactile acuity through training
and conditioning, furnishing them with immediate reactions
to their ambiance. Therefore, STP and STD are important
characteristics so that memristors can quickly process the
signals from the sensors. In addition, using memory comput-
ing architectures in neuromorphic systems reduces the dis-
tance between the sensor and the processor. This promotes
system compactness while enhancing energy efficiency.

The development of flexible memristors can inspire the
improvement of sensing capability and versatility for wearable
electronics. Low energy consumption for wearable devices can
be guaranteed by flexible memristors to achieve long battery
life. The intrinsic crossbar structure and excellent computing
capability of flexible memristors can inspire the development
of smart textile electronics. For example, Liu et al. introduced a
textile memristor array made of fiber electrodes with uniform
CsPbBr; quantum dot functional layers.'** The crossbar mem-
ristor structure was compatible with textile materials and could
be integrated with other wearable electronics to enhance com-
puting capacity. A real-time diagnosis tool for patients with
arrhythmia diseases was demonstrated in this work (Fig. 7a-c).
The memristor network could classify the collected electrocar-
diogram signal (ECG) patterns with a high accuracy of 83%
after only 15 learning epochs. Another smart textile with a
similar crossbar structure was demonstrated by Wang et al.
based on Ag/MoS,/HfAlO,/carbon nanotube memristors."*?
In this work, heating resistors were integrated with the mem-
ristor neural network to produce an intelligent heating textile
(Fig. 7d-f). The frequency and heating time were regulated by
the memristor-based artificial synapses and neurons, which
were sensitive to the environment temperature and could be
easily modulated.

Furthermore, by integrating flexible memristors with var-
ious sensors and other electronic components, advanced sen-
sing and self-adaptive systems can be achieved to simulate
human feelings, perceptions, and actions with very low power
consumption. This can have a promising prospect in the areas
of human-computer interfaces and humanoid robots. Nowa-
days, the simulation of human senses like touch, sight, and
smell has all been realized.">>'®> For example, Wang et al.
developed a fast responsive artificial skin system that could
simultaneously sense and process multiple tactile stimuli with-
out conversion circuits (Fig. 8a—e)."®® The artificial skin system
consisted of a pressure sensor array for detecting tactile stimuli

This journal is © The Royal Society of Chemistry 2024
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and a flexible memristor array for data processing. In this work,
real-time detection of pressure patterns and near-sensor analog
computing were conducted simultaneously, and the obtained
result fitted well with the simulated one by software. Besides,
the average power consumption of this artificial skin system
could be 1000 times lower than a conventional interface
electronic system, suggesting great application potential. Simi-
larly, Jiang et al. introduced a bio-inspired electronic skin based
on dual-excited pressure memory (DPM) matrix consisting of
piezo-OLEDs and piezo-memristors (Fig. 8f-i)."®* Resistance
switching of the memristor can be triggered by both optical
and potential signals. Real-time tactile imaging and memoriz-
ing were demonstrated on the DPM device with 15 x 15 units.
The device shows a high on/off resistance ratio of about 810
and a stable storage of less than 4% resistance attenuation after
2 months.

For the artificial vision system, a biomimetic compound eye
for real-time collision detection was reported recently, inspired
by the structure of the lobula giant movement detector (LGMD)
(Fig. 9a-e)."'®® It was composed of threshold-switching memris-
tors based on few-layer black phosphorous nanosheets and
CsPbBr; perovskite quantum dots heterostructure (FLBP-
CsPbBr;). The switching of the flexible memristor array was
controlled by optical input via the temporal heat summation
effect. The biomimetic compound eye exhibited wide field-of-
view (FoV) detection capability and nonmonotonic collision
avoidance response, which could be applied in autonomous
robots for environment detection. Pei et al. introduced a high-
speed artificial vision system capable of recognizing, memoriz-
ing, and actuating self-protection (Fig. 9f and g).'*® It is
composed of a Sb,Se;/CdS-core/shell nanorod array optoelec-
tronic memristor, a threshold-switching memristor, and an
electrochemical actuator. When an optoelectronic memristor
is activated, it can cause an electrochemical actuator to move,
simulating the eye muscle contraction and reproducing the
self-protection response of closing eyes when the human eyes
are injured by intense light. This system does not require
complex signal processing circuits and can inspire the devel-
opment of efficient robot vision systems.

The reported work on simulation of the human sense of
smell based on flexible memristors is relatively rare compared
to those of artificial tactile and vision systems. Recently,
Gao et al. introduced a flexible artificial olfactory system, which
was the integration of Sr-ZnO-based gas sensors, HfO,-based
memristors, and electrochemical actuators (Fig. 10a-d)."®” The
designed system realized olfactory functions without the need
for tedious signal processing circuitry for data analysis and
information storage. Ammonia detection and self-protection
functions were also demonstrated in this work. When NH; was
detected by the gas sensor, the signal was processed and stored
by the memristor. Meanwhile, activation of the memristor
triggered the electrochemical actuator to block the gas flow
channel for self-protection. By simply replacing the sensor part,
the system could achieve the above functions for other gases
and even odorless ones. Lu et al. developed a hybrid flexible gas
sensory system with perceptual learning ability (Fig. 10e-h)."*°
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Fig. 7 (a) Schematic of smart healthcare clothes integrated with textile memristor as information-processing components to analyze physiological
information and display the categorizing results. (b) Featured weight values of each class connected to the output neuron after the learning process.
(c) Recognition accuracy for ECG patterns corresponding to learning epochs and confusion matrix that compared predicted label with true label (inset).
(d) Schematic of intelligent fiber heating system. (e) Operation mechanism of the intelligent warm fiber. (f) Photograph of the fiber-based intelligent
heating memristors. Scale bar, 1 cm. (a)—(c) Reproduced with permission.*? Copyright 2022, Wiley-VCH. (d)-(f) Reproduced with permission.'**
Copyright 2022, Springer Nature.

It is a combination of a gas sensor, an oscillator as the artificial concentrations was demonstrated using a supervised learning
afferent nerve, and a memristor-type artificial synapse. method with the classic k-nearest neighbors (KNN) algorithm.
The identification and recognition of H,S gas with various A low error rate of about 20% was achieved after five times of
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Fig. 8 (a) Schematic of the near-sensor analog computing system experimentally implemented on a flexible substrate consisting of a 3 x 3 pyramidal
pressure sensor array and a 9 x 1 memristor array. (b) Schematic of the experimental setup for edge detection. (c) Experimental Vimonitoring Was consistent
with software-calculated values. Edge detection decoded from (d) the experiment and (e) software were nearly identical. (f) Configuration of the bio-
inspired dual-excited pressure memory (DPM) device, combining with resistive-switching piezo-memristors and illumination-conversion piezo-OLEDs.
(g) Detailed structure of the DPM device with the multi-stacked layers. (h) Schematic illustration of sensing and memorizing the data of pressure
assignment from the handwriting. Inset is the photography of the fabricated DPM device with high flexibility. (i) Illustrations of the capabilities for
the pressure memory with long-time storage and clear erasure by a letter “P" input. (a)—(e) Reproduced with permission.®*> Copyright 2022, Wiley-VCH.
(f)—(i) Reproduced with permission.®* Copyright 2020, Elsevier.

training. This work can inspire the study of neuromorphic Another important topic in the areas of humanoid robots
sensing systems with learning ability for robotics and human- and artificial sensory systems is the study of artificial nocicep-
machine interfaces. tors (Fig. 11a). Humanoid robots can be helpful not only for
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(a) Schematic of the anatomical organization of the vision system with LGMD. (b) Schematic of the device-level biomimetic compound eye.

(c) Schematic diagram of the two-terminal threshold switching memristor (TSM) with the structure of Ag/few-layer black phosphorous nanosheets (NSs)-
CsPbBr3z perovskite quantum dots (QDs) heterostructure (FLBP-CsPbBrz)/indium tin oxide (ITO). (d) Schematic illustration of the model car test setup.
(e) Schematic decision-making for the robot car with optic signal processing ability. (f) The state of the eye muscles during contraction (eye opening) and
the actuator pulling force value as a function of ordinary light exposure time. (g) The state of the eye muscles when they are relaxed (eyes closed) and

the actuator pulling force value as a function of bright light exposure time.

(f)—(g) Reproduced with permission.1®® Copyright 2022, Wiley-VCH.

daily life but also for dangerous tasks like disaster response and
space exploration, where human operation is hard to realize.
Artificial nociceptors can be an important part of such systems
to protect them from hazards by sensing external noxious
stimuli and generating warning signals.'®®*"'”° One of the most
critical characteristics of a nociceptor is called “threshold”,
which indicates that it only responds to the stimulus that
exceeds a certain value. Besides, “no adaptation”, “relaxation”,
“allodynia” and ‘“hyperalgesia” are also notable characteristics
that help protect the system from further damage. For example,
no adaptation means that the intensity of the response does not
change after prolonged exposure to the stimulus. Relaxation is
related to the dissipation of the response to a stimulus.
Allodynia is caused by a stimulus that normally causes no pain,
while hyperalgesia refers to an increased sensitivity to the
stimulus. Memristor-based artificial nociceptors can easily
realize such functions with a simple device structure and low
power consumption. Different stimuli like pressure and heat-
ing can be detected and processed based on the corresponding
module connected to the memristor within the artificial
nociceptor.”'"”'”* The similar idea can also be applied to
the design of artificial reflex arcs (Fig. 11b), a promising topic

4030 | Mater. Horiz.,, 2024, 11, 4015-4036

(a)-(e) Reproduced with permission.'®> Copyright 2021, Springer Nature.

in the study of soft robotics."”>'”* The integration of flexible
memristors with multiple sensors and actuators can realize
complex functions as artificial muscles for soft robots. Mem-
ristors generally act as the threshold controlling unit for such
systems and can perform edge data processing to reduce
system complexity and power consumption.

4. Summary and outlook

High power consumption and the von Neumann bottleneck are
the main challenges for conventional computing systems. As
we are about to reach the limit of Moore’s Law, further
improvement of device performance based on traditional
CMOS technology cannot last long. The study of memristors
has attracted intensive attention in recent years owing to the
great application potential for next-generation computing sys-
tems with high performance and ultralow power consumption,
which is very important for wearable electronics and portable
devices that require high energy efficiency and compact size.
Therefore, the development of flexible memristors has become
an important topic. The operation mechanisms for flexible

This journal is © The Royal Society of Chemistry 2024


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d4mh00291a

Open Access Article. Published on 26 June 2024. Downloaded on 6/17/2026 11:44:29 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Materials Horizons

a

Fig. 10

AATTTTTTTTTTT I | - -
. ) '.'/ R i E“ .........................
e 7 Gas sensor Olfactory i : i E S
memory . g
2 device i i . VB
Memristor C R ——
PI film Open state i
3 ./”/:’_
Actuator array ! i i
(Four triangle actuators) [ E i
- :
Close state al
Aiii'iii'ii'r'ua
e Gas sensory system with perceptual learning
Signal changes Voltage pulses o o « Postsynaptic current

Oscillator

View Article Online

Review

M

Supervised
Learning

g 0.015
1.5 & 45
0.0104 - = —
5 1.4 s 2 §40-
L © 00051 s % o @351
= 1.31 1 ppm H,S T1 8' b 4 © 40
< 1 ppm H,S T2 b ] THELN
= 121 1 ppm H,S T3 . vioo0 [
< £25
114 1 ppm H,S T4 * 0.5 ppmH,S w
: 1 ppm H,S T5 —0i0064 o iy 20
1 ppm H,S T6 PPM 1
1.04 1 ppm HyS T7 2 ppm H,S 154
T T T T T T -0.010 T T T T T T T T T T T T T T
5 10 15 20 25 30 135 1.40 145 1.50 1.55 1.60 1.65 1.70 1 2 3 4 5 6 T
Time (s) AylA, index Training times (#)

(a) Schematic illustration of the bionic nose (4 arc actuators in parallel). (b) The initial state of the bionic nose. (c) The photo and schematic

diagram of the bionic nose's response to low concentration (200 ppm) of ammonia, and the instantaneous current changes of the artificial olfactory
system and actuator array. (d) The photo and schematic diagram of the bionic nose’s response to high concentration (500 ppm) of ammonia, and the
instantaneous current changes of the artificial olfactory system and actuator array. (e) Schematic diagram of the hybrid flexible gas sensory system with
perceptual learning. (f) Training dataset for the artificial system exposed to H,S ambient with a concentration of 1 ppm. (g) Boundaries after training for
five times using the KNN algorithm. (h) The improvement in the recognition accuracy with the increased number of training times. (a)—(d) Reproduced

with permission.*®” Copyright 2021, Elsevier. (e)—(h) Reproduced with permission.*®® Copyright 2021, Springer Nature.

memristors are the same as traditional ones, and a wide range
of materials have been developed. Conductive filament is the
most commonly observed mechanism of flexible memristors,
and sometimes it comes together with the charge trapping
mechanism. Materials for such mechanisms can be easily
fabricated using various low-temperature techniques and exhi-
bit good compatibility with a wide range of flexible substrates.
Therefore, these two mechanisms are the most maturely devel-
oped ones for flexible memristors. The main challenge is
related to the stochastic formation of conductive filaments.
Thus, the study of filament formation and control is necessary
to reduce device variation. The non-filamentary ion migration

This journal is © The Royal Society of Chemistry 2024

mechanism provides a potential solution for this problem, but
the related principles and material properties are not fully
studied. This will be an important topic to be discussed further.
Ferroelectricity and phase transition are two mature technolo-
gies for traditional non-volatile memory, which also have great
potential for flexible memristors. Compared with the conduc-
tive filament mechanism, they can easily achieve good cycle-to-
cycle and device-to-device uniformity while keeping the high
switching speed and good device stability. They are seldom
reported in recent years due to the challenges of material
fabrication. The high fabrication temperature of ferroelectric
and phase change materials can cause thermal deformation or
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Fig. 11 (a) Schematic illustration of biological nociceptor in the human
body and an artificial nociceptor electrical circuit consisting of a threshold
switching memristor. (b) Schematic comparison of the somatic reflex arc
in human and artificial somatic reflex arc. (a) Reproduced with
permission.'”* Copyright 2023, American Chemical Society. (b) Repro-
duced with permission.t’”* Copyright 2019, Wiley-VCH.

even damage to certain flexible substrates. Besides, the uneven
surface of many flexible substrates can lead to poor adhesion of
the functional layers. Therefore, the following topics are critical
for further study. One is to develop low-temperature and room-
temperature fabrication technology for such materials. Another
is to explore better high-temperature resistant materials
like mica with low surface roughness and good mechanical
flexibility. Other topics, such as improving the surface
quality of flexible substrates and developing new materials
and switching mechanisms, are also necessary. In recent years,
2D materials have exhibited good application potential for
memristive devices. Based on their unique structure and prop-
erties, synaptic transistors with high stability and reliability
have been demonstrated, showing better performance than
conventional ones. The related work can inspire the develop-
ment of 2D flexible memristors.

Memristor logic circuits and memristor-based artificial neu-
rons are fundamental components for in-memory computing
and neuromorphic computing systems. Further advances in the
study of device structures, system architectures, and algorithms
can help reduce system complexity and improve computing
efficiency. The study of device scaling and large-scale integra-
tion technologies is also necessary to improve the computing
capacity and power efficiency. Device variation and parasitic
resistance are the two main issues that need to be addressed for
large-scale integration of memristors, which can be solved by
material engineering and 3D integration. Various advanced
systems for signal processing, wearable electronics, robotics,
and human-computer interfaces can be achieved by integrating

4032 | Mater. Horiz., 2024, 11, 4015-4036
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flexible memristors with other electronic components like
sensors and actuators. These works are inspired by biological
systems, and the proposed devices can conduct self-learning
and self-adaptation to various external stimuli. More potential
application scenarios and memristive system structures remain
to be explored. Further study in this area can be inspired by
potential breakthroughs in neuroscience so that related artifi-
cial systems can better mimic biological functions to achieve
higher efficiency.
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