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An Opto-Electronic HfOx-Based Transparent
Memristive Synapse for Neuromorphic

Computing System
Aftab Saleem , Dayanand Kumar , Facai Wu , Lai Boon Keong,

and Tseung-Yuen Tseng , Fellow, IEEE

Abstract— In this study, a transparent bilayer memristor
showing both electrical and optical synapses along with
good electrical properties after annealing is presented.
In addition to 85% transparency, the device shows excel-
lent electrical characteristics for 1000 cycles of stable
LRS/HRS and more than 104 s retention at high tempera-
tures. The annealed device also exhibits stable potentiation
and depression cycles for more than 10 000 ac pulses with
a low coefficient of nonlinearity. By applying consecutive
ac pulses, synaptic properties of paired-pulse facilitation
(PPF) and spike time-dependent plasticity (STDP) are cal-
culated. The memristor is illuminated by a 405 nm light
source in which different light intensities ranging from 20 to
40 mW/cm2 are used for achieving multilevel cell (MLC)
characteristics. Learning/Forgetting curve (PSC) and opti-
cal PPF are measured to mimic optical synaptic function.
An image recognition comparison of optical and electrical
synaptic properties with a normalized loss rate of <0.1 is
obtained after just 100 epoch trainings. These excellent
attributes of this transparent memristor make it a promising
candidate for electrical/optical memory devices or for using
it as an optically synaptic sensor device.

Index Terms— Memristor, neural network, optical mem-
ristor, synaptic, synaptic plasticity.

I. INTRODUCTION

W ITH the increase in demand for data handling
autonomously, the emerging memories with high scala-

bility, low power consumption, good durability, and high com-
patibility with CMOS technology are potential contenders for
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parallel computing [1], [2]. Moreover, transparent electronic
systems have also encouraged research groups to work toward
completely transparent circuits [3], [4]. Memristors switching
phenomenon is mostly dependent on the formation and rupture
of conduction filaments formed by either oxygen vacancies or
active metal ions [5], [6], [7]. Researchers have reported the
generation of metastable states in switching layers due to the
illumination of different wavelengths of light [8], [9]. Due
to the formation of those metastable states, the memristive
devices show a change in conductance when illuminated by a
broadband light source. Multilevel cell (MLC) characteristic
can be achieved by changing light intensity or exposure time.
The switching of memristors under illumination conditions
opens the application spectrum of memristors from electrical
synaptic systems to optical synaptic circuits and sensors [10],
[11], [12], [13]. Only a few reports have been published for
the investigation of optical synaptic memristors.

Due to low power consumption, small size, and easy fabrica-
tion protocoled with two terminal architectures, the memristor
is appreciated to mimic human synapses [14]. Recently, certain
schemes have been proposed to enhance the synaptic proper-
ties of the memristors [15], [16], [17], [18], [19], [20]. Arti-
ficial neural networks (ANNs) are developed to do complex
and intelligent tasks with high speed, low power consumption,
and avoid cumbersome computation by taking quick decisions
while computing. Neural networks based on memristors fulfill
the required criteria of in-memory computing which was not
possible with Von-Neumann architecture [22], [23]. An analog
memristor seemed to be ideal for good synaptic properties such
as potentiation/depression, paired-pulse facilitation (PPF), and
spike time-dependent plasticity (STDP) [24], [25].

Recently, researchers have shown that conduction in a mem-
ristor can be modulated using light sources and this phenom-
enon can be termed photoconductivity [26]. The motivation
behind carrying out this research work involves fabricating a
memristive device that can emulate synaptic functions in both
electrical and optical domains.

Optoelectronic RRAM devices attract researchers’ attention
due to their applications like image sensing, real-time memory,
and image memory [27], [28]. Research groups have shown
these applications using 2-D materials, perovskites, sulfides,
etc. The results reported by mentioned groups were either
only dc characteristic with illumination or less performance
with synaptic properties (see Table I). Henceforth, we propose
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TABLE I
COMPARISON BETWEEN RECENT PUBLISHED OPTO-ELECTRONIC

SYNAPTIC MEMRISTORS WITH OUR CURRENT WORK

a transparent bilayer memristor with ITO/ZnO/HfOx/ITO
architecture in this work to mimic synaptic functions. The
switching oxide layers are chosen to keep in mind their Gibbs
free energies. The Gibbs free energies of HfO2 and ZnO are
−1010 and −605 kJ/mol, respectively. The lower the Gibbs
free energy the more stable the material is. Reports have
mentioned ZnO as an oxygen vacancy-rich material [29]. ZnO
also acts as a good oxygen vacancy reservoir [30]. Apart
from these, ZnO transparency and wide bandgap (3.3 eV)
make it favorable for optoelectronic devices. The HfOx is
called the switching layer because of the change in oxygen
vacancies concentration after annealing of the device which
affects the ON/OFF ratio and stability of the device [31], [32].
In this study, after annealing of the HfOx switching layer,
it increases the ON/OFF ratio, high stability for LRS and HRS,
good linearity with stable and gradual conductance change for
more than 10 000 applied pulses, and retention of more than
104 s at high temperatures and synaptic functions for both
electrical and optical pulses. These characteristics show that
our device has some better synaptic functions as compared to
already published opto-electronic devices (see Table I). There
were previous reports on mimicking synaptic functions with
good linearity but the focus of this study is on fabricating a
metal oxide bilayer memristor that can emulate basic synaptic
functions like potentiation/depression, PPF, STDP, and neural
network simulation in both electrical and optical domains. This
study also focuses on easy fabrication techniques for produc-
ing a transparent opto-electrical memristor. In addition, the
proposed device exhibits excellent image recognition for both
electrical and optical signals making it an excellent candidate
for both synaptic system and image-sensing applications.

II. DEVICE FABRICATION AND CHARACTERIZATION

We fabricated the bilayer ITO/ZnO/HfOx/ITO memristor on
a commercially available ITO/Glass substrate with an average
transparency of 85% in the visible spectrum region from

Fig. 1. (a) Transparency curve for the devices in visible spectrum.
Schematic of device is shown in inset. (b) Cross section TEM image
of bilayer device. (c) and (d) I−V curves of un-annealed and annealed
devices for ten and 100 cycles, respectively.

400 to 800 nm [see Fig. 1(a)]. At first, the substrate with the
ITO bottom electrode (BE) was cleaned using propanol and
ethanol and dried with nitrogen. Then, a 10 nm thick HfOx

layer was deposited using dc magnetron sputtering with an Hf
target having a purity of 99.99% in Ar/O2 (5:2) ambiance.
The working pressure used for deposition is 5 mTorr. The
HfOx layer was annealed at 350 ◦C for 30 min in vacuum.
After that, a 10 nm ZnO layer was sequentially deposited
using RF magnetron sputtering with ZnO target in Ar/O2 (2:1)
ambiance at 10 mTorr working pressure. Finally, a 100 nm
thick ITO top electrode (TE) was patterned using a metal
shadow mask with a 150 μm diameter. It is named annealed
device after above making process. For the un-annealed device,
no annealing treatment was carried out on any layer. For
electrical measurements, we used an Agilent B1500 parameter
analyzer. Set and reset curves were achieved by applying
biasing on TE and grounding BE. On the other hand, the
set process by optical switching was achieved by illuminating
the device with a 405 nm light source. Resetting of the
optically set device was achieved either by dark relaxation
or by applying negative biasing on TE. The film structure
of the memristor was observed by using transmission elec-
tron microscopy (TEM) (JEOL 2100 FX). For compositional
analysis, X-ray photoelectron spectroscopy (XPS) was carried
out by using PHI Quantera SXM.

III. RESULTS AND DISCUSSION

The inset of Fig. 1(a) shows a schematic of a transparent
bilayer memristor. The transparency curves for ITO/Glass and
ITO/ZnO/HfOx/ITO are displayed in Fig. 1(a). The bilayer
device presents 85% transparency in the visible spectrum.
Fig. 1(b) illustrates a cross-sectional TEM image depicting the
presence of layers in the bilayer device. To analyze the effect
of annealing on the annealed surface, SEM surface images
(not shown here) for HfOx were analyzed and the average
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Fig. 2. (a) and (b) DC endurances of un-annealed and annealed
devices, respectively. (c) Cumulative probability curve for device-to-
device variability of annealed device (Inset: shows mean and variance
values for LRS and HRS). (d) Retentions of LRS/HRS for annealed device
at different temperatures (RT, 80 ◦C, 120 ◦C).

grain sizes of the HfO2 layer in the annealed and un-annealed
devices are 5.8 and 5.6 nm, respectively. This small change
in grain size indicates its minimal effect on LRS and HRS.
Fig. 1(c) and (d) show I−V curves for the un-annealed and
annealed devices, respectively. Both un-annealed and annealed
devices show bipolar switching when biasing is applied on
TE. Both the devices depict gradual switching and stable I−V
curves for multiple cycles which are favorable for neuromor-
phic computing.

The ON/OFF ratio and the stability of LRS and HRS
of annealed devices are improved compared to those of
un-annealed devices. Fig. 2(a) and (b) depict endurances
of un-annealed and annealed devices, respectively. The
un-annealed device indicates an ON/OFF ratio of 10× for 102

switching cycles while the annealed device has a good stable
ON/OFF ratio of 100× for more than 103 switching cycles.
Device-to-device variability was studied for annealed device
and it shows a stable LRS/HRS for cumulative probability
[see Fig. 2(c)]. The spreads for resistance states show lower
percentage values for LRS, 10.3% compared to that for HRS,
15.5% [inset of Fig. 2(c)]. The reliability of the annealed
device was also investigated by measuring the retention prop-
erties of LRS and HRS at high temperatures. Fig. 2(d) depicts
the high stability of both states at room temperature (RT),
80 ◦C, and 120 ◦C. The device has stable states of HRS
and LRS for more than 104 s without any degradation at all
temperatures.

We conducted XPS examinations for both annealed and un-
annealed devices to obtain the data to calculate the amounts
of oxygen vacancies in the devices. Using successive etching,
O1s core spectra for HfOx were obtained which are shown
in Fig. 3(a). The obtained spectra are then fit with Gaussian
functions. The peaks of O1s spectra are de-convoluted into
two peaks at different binding energies. It is indicated oxygen
ions and oxygen vacancies at low and high binding energies,

Fig. 3. (a) O1s depth profile showing oxygen profile for un-annealed and
annealed device. (b) Represents schematic of switching of device under
different biasing conditions (SET and RESET). (c) and (d) I−V curve
fitting for HRS and LRS with current and logarithmic V, respectively.

respectively. According to Fig. 3(a), it is evident that the
amount of oxygen vacancies increases in the HfOx layer
after the annealing. In the meantime, it is expected to also
enhance the oxygen vacancies in the ITO BE due to the
annealing. During the reset process, the oxygen ions will have
a larger driving force and diffusion speed to move to BE and
store in it. It will cause the filament gap near the interface
between ZnO and HfOx to be larger. Therefore, the increase
in resistance and the decrease in HRS current will happen.
It exhibits higher resistance and lower current in the HRS
in annealed device compared to those of the un-annealing
device Fig. 2(a) and (b). This phenomenon is attributed to
enhancing the memory window in the annealed device. Band
diagrams for set and reset biasing of the device are shown
in Fig. 3(b). During the set process under applied positive
bias, due to the Schottky barrier at the interface of ITO and
HfOx layer, Schottky emission and tunneling are observed in
the HfOx region due to its high band gap as compared to
the work function of ITO. Hopping of electrons also takes
place where electrons are excited to the next vacant space
by providing suitable excitation energy. Oxygen vacancies are
the known trap sites presented in oxide layers. In order to
validate the conduction mechanism suggested above via band
diagrams, a line-fitting approach is used for HRS and LRS in
the set cycle at a double logarithmic scale. On the basis of
line fittings of I−V curves [see Fig. 1(c) and (d)], filamentary
switching mechanisms in the device are indicated in Fig. 3(c)
and (d). The fitting data present different mechanisms as the
voltage biasing increases or decreases [33]. The line fitting
technique is carried out using a double logarithmic scale for
HRS [see Fig. 3(c)]. The linear line fitting approach using
(y = a+b∗x) with 0.99 residual accuracy shows a slope of 1.4,
which belongs to hopping conduction behavior in low voltage
regions [see Fig. 3(c)]. However, the slope of 3.4 shows
that as the voltage ramps above 0.8 V, the mechanism
changes to Poole–Frankel Emission and later to F-N Tunneling
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Fig. 4. (a) I−V curve plot for HRS and LRS (inset) at different
temperatures (RT, 313, 333, 353, and 373 K). (b) LRS/HRS box plot (Left
Axis) for annealed device and set/reset voltage (Right Axis) distribution
at different temperatures.

mechanism (slope = 7.8) [see Fig. 3(c)] as suggested in the
literature [33]. The double logarithmic fitting curve of LRS
in Fig. 3(d) indicates Ohmic conduction (slope = 1.1) in the
low biasing region and hopping mechanism (slope = 1.37)
in the high voltage region [34]. During the set process, when
the positive biasing is applied on TE, the electrons start to
hop in vacant spaces moving along the electric field direction
toward TE constructing vacancy-based filament, and Ohmic
conduction is observed in low voltage region. As the voltage
increases, the switching mechanism shifts toward P-F emission
and F-N tunneling due to the presence of the Schottky barrier
at the HfOx /ITO interface. As the HfOx is a high bandgap
material, so there is a Schottky barrier created at the interface
and halted the flow of free electrons at low operating voltage.
The electrons follow tunneling behavior with increased voltage
and gain trap sites presented in oxide layers. During LRS, the
electrons at trap sites start to flow via hopping in the nearest
vacancies and lead toward Ohmic conduction. As in LRS
line fitting [see Fig. 3(d)], hopping and Ohmic mechanism is
observed. During the reset process, detrapping of electrons is
observed and hopping of electrons away from negative biasing
at TE causes rupturing of filament in switching layers.

The conduction mechanism is further analyzed by calcu-
lating the dielectric constant or permittivity of material using
slope taken from ln(I /V )–(V 1/2) curve using the P-F model
equation [35], [36]

IPF α V exp

(−q(φt − √
qV/πεrε0d)

kT

)
(1)

where k and T are Boltzmann’s constant and fixed tempera-
ture, respectively. q is the elementary charge, φt is the energy
barrier, d is thickness, and εr is relative permittivity. The slope
calculated in the standard P-F plot of ln(I /V )-(V 1/2) is used
to calculate the dielectric constant which comes out to be
∼(18.6). To validate this, the experimental dielectric constant
was calculated using a single C-V test as

εr = d × C

A×ε0
(2)

where εr is the dielectric constant, A is the area, d is the
thickness, and C is the capacitance of the dielectric. εo is the
permittivity of free space. The calculated dielectric constant
from (2) comes out to be ∼(18.2). Similarly, for the F-N
model, the equation used to calculate slope and dielectric

was [37]

IFN α AV 2exp(−β/V ) (3)

where A is the proportionality constant and β is the slope.β
is defined as β = 4/3[(2mo)

1/2/qh̄]∗φ3/2
B [38], [39]. Here

mo is electron mass, q is the electron charge, is plank’s
constant, and φB is barrier height. The slope of the plot of
ln(I /V 2)–(1/V ) based on this equation can be used to cal-
culate barrier height. This calculation can be used to find
out the dielectric constant εr of the material and this value
is in agreement with the experimental results. The conduc-
tion mechanism for the P-F model should not be affected
by temperature change as the calculation in the curve of
ln(I /V )-(V 1/2). Therefore, the presence of P-F emission in
the high electric field region is validated here, and then, it is
followed by the F-N model at a higher field.

To follow up the explanation of the conduction mechanism,
temperature-dependent I−V curves were measured and the
result is shown in Fig. 4(a) in which the temperatures indi-
cated. As the temperature starts to increase, the LRS current
level also starts to rise following the T −1 law for electrical
conductivity. This decrease in resistance with an increase in
temperature attributes the conduction to the hopping mecha-
nism [40]. Similarly, for HRS, when the temperature increases
from RT to 373 K, the current increases. This increase also
points out toward semiconductor characteristics [41]. Fig. 4(b)
shows two data sets’ dependency on temperature, one being
LRS/HRS and the other set/reset switching voltages. There is a
noticeable slight decrease in resistance values with an increase
in temperature which backs the earlier observed conduction
mechanism. The set and reset voltages are also decreased
when the temperature is increased from RT to 373 K. The
diffusion of ions assisted by the field and the rate of charged
vacancies removal causing rupturing of filament are increased
with increasing temperature. Therefore, with increasing tem-
perature, reset voltage decreases [42]. Also, the possibility
of defect concentration increases in the switching layer with
elevated temperature. Henceforth, the set voltage for the for-
mation of a conductive filament in the device reduces at higher
temperatures.

In order to mimic synaptic function, the electrical pulses
are applied to the device, the conductance change would be
gradual or the coefficient of non-linearity should be minimal
[43]. Fig. 5(a) and (c) depict the applied pulsing schemes on
un-annealed and annealed devices, respectively. The optimized
pulse schemes used for potentiation and depression cycles
consist of 1.5 and −1.0 V pulse heights, respectively. The
pulsewidth used for both operations is 1 μs. The nonlinearity
coefficient is calculated using the following equations [44]:

GLTP = B
(

1 − e(−
P
A )

)
+ Gmin (4)

GLTD = −B
(

1 − e(
P−Pmax

A )
)

+ Gmax (5)

B = (Gmax − Gmin)

(1 − e
−Pmax

A )
. (6)

Here, the Gmax, Gmin, and Pmax are maximum conductance,
minimum conductance, and pulse numbers used to switch
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Fig. 5. (a) Pulse schemes used for potentiation and depression cycles in
un-annealed device. (b) Non-linearity curve for Potentiation and depres-
sion in un-annealed device. (c) Pulse schemes used for potentiation
and depression cycles in annealed device. (d) Non-linearity curve for
Potentiation and depression in un-annealed device. (e) Endurance of
potentiation and depression cycles for annealed device.

the device between maximum and minimum conductance
states, respectively. These values are directly obtained from
experimental results. A provides a nonlinearity coefficient
while B is a function of A depending upon prior parameters
(Gmax, Gmin, and Pmax) [45]. The non-linearity coefficients
for potentiation and depression of un-annealed devices are
4.28 and 4.83, respectively [see Fig. 5(b)]. However, the
annealed device has improved the nonlinearity coefficient with
3.19 and 2.47 for potentiation and depression, respectively [see
Fig. 5(d)]. Fig. 5(e) depicts stable potentiation and depression
cycles for more than 10 000 electrical pulses applied without
any degradation.

As the device shows promising performance in terms of
electrical stability and synaptic computing, the device is then
investigated for optical performance. A 405 nm wavelength
optical source was used to illuminate the device to measure
the photoconductivity of the device. All optical measure-
ments are taken on the annealed device. Fig. 6(a) shows the
non-volatility of the resistance state after being illuminated
by the light for 25 s to achieve optical potentiation and
then the shutter is closed. The device starts relaxation under
dark conditions without any biasing but does not retain its
starting state after a long relaxation time. However, to reset
back the device to its starting state or HRS, an electrical
pulse applied is needed as shown in Fig. 6(b). For optical
potentiation, 150 optical pulses are applied and then the shutter
is closed. For the depression, electrical pulses are applied at
TE and the device is switched back to HRS in just ∼0.15 s,

Fig. 6. (a) and (b) Optical potentiation/ under dark relaxation (without
biasing) and optical potentiation/ electrical depression, respectively.
(c) and (d) Optical MLC characteristics using different light intensities
and shutter speeds, respectively.

termed as electrical depression. For MLC characteristics under
optical illumination, the device is operated with different light
intensities ranging from 20 to 40 mW/cm2, and different con-
ductance states are achieved for different intensities as shown
in Fig. 6(c). In Fig. 6(d), it is indicated multibit characteristic
of the device using a constant optical shutter speed. The
device can achieve more than 16 different conductance states
with this shutter speed before it reaches near saturation. The
switching mechanism for optical conductance change in a
bilayer device under illumination is explained using metastable
states created due to light exposure [19]. Such conduction
mechanism relates to absorption and desorption of O2 on the
ITO surface under dark and illumination of 405 nm light
source, respectively. Under the dark, absorbed O2 attracts
electrons from the conduction band of ITO and converts
them into oxygen ions. This process would create a depletion
region on the ITO surface which induces a band bending and
produces low conductivity. Upon illumination of the device,
it generates the holes. These holes would dominate the migra-
tion rate of holes along the mentioned bending band depending
upon the illumination intensity. Those photo-generated holes
would cause the transformation of oxygen ions back to O2

and desorb from the ITO surface [46], [47]. The detrapped
and photoexcited electrons could move to the conduction
band. This would reduce depleted width and enhance the
conductivity of the device. When the light source is removed,
the electrons will drift back from the conduction band and the
photo-generated current will start to decay. This trapping and
detrapping electrons phenomena mainly cause the change in
the current of the device.

PPF was also an important biological synaptic characteristic
[48]. Consecutive electrical pulses are used to achieve the PPF
index by calculating (A2-A1/A1) × 100, which shows a stable
and gradual decrease in the PPF index mimicking mammalian
synaptic function [see Fig. 7(a)]. After applying presynaptic
voltage, the change in excitatory current is termed A1. The
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Fig. 7. (a) and (b) Electrical synaptic properties of PPF and STDP,
respectively. (c) Learning/Forgetting curve for the device under illumina-
tion. (d) Optical PPF versus time curve. (Inset: shows applied consecutive
optical pulses and increase in photocurrent depicted by A1and A2.)

increase in current for the second pulse as a postsynaptic
pulse in the neuron is termed an excitatory postsynaptic current
(EPSC) [49]. The increase in current after applying a postsy-
naptic spike is shown as A2. To mimic synaptic functions, the
STDP is another important feature to be shown by synaptic
circuits. The electrical STDP response is measured by applying
a pre-synaptic pulse at TE and a postsynaptic pulse at BE.
The spike time difference between two pulses is defined by
�t = tpre – tpost. The change in conductance is plotted as a
function of spike time in Fig. 7(b) using �w = (w2-w1)/w1.
In the case of the biological synapse, the conductance change
is an exponential function and is shown in the following [50]

�w =
{

A+e−�t/τ+ , �t> 0

−A−e−�t/τ− , �t< 0.
(7)

Here, A+ and A− depict maximum conductance change
(�w) when �t is approaching zero. τ+ and τ− are the
temporal spread of function. The STDP calculated for our
device is shown in Fig. 7(b), and the inset of Fig. 7(b) shows
schemes of pre and postsynaptic pulses applied on TE and BE,
respectively. Fig. 7(c) presents optical synaptic property where
postsynaptic conductance reaches to desired conductance level
quickly as compared to presynaptic pulses. It is also termed as
a learning/forgetting curve of the device using the difference
in time �t to achieve a certain conductance level [51]. In this
figure, the device is illuminated at first and takes almost
20 s to achieve a normalized current from 20 to 30. In the
following interval, after relaxation, the device only takes 10 s
to reach 20 to 30. Then, in the next interval, it takes even
lesser time to achieve a higher current level. This attribute
is an important thing to mimic the synaptic function of the
brain as it helps the artificially intelligent system to learn and
take a decision from the previous history in lesser time [19],
[51], [52], [53], [19]. In the case of electrical pulses applied,
PPF is calculated and indicated in Fig. 7(a). Similarly, when

Fig. 8. (a) Scheme of ANN having input, hidden, and output layers.
(b) and (c) Recognition results at start and after 20 epochs for electrical
and optical synapses, respectively. (d) Recognition loss rate for both
electrical and optical memristors over a period of 100 epoch training.

consecutive optical pulses illuminate the device, the calculated
optical PPF index is depicted in Fig. 7(d). In response to the
optical pulse applied (presynaptic), there is an increase in
photoluminescence current depicted as A1, then after a time
interval �t , another optical pulse (postsynaptic) is applied,
and the photocurrent is recorded as A2. After applying mul-
tiple optical pulses by changing �t , PPF is calculated by
(A2-A1/A1) × 100. Both curves show excellent mimicking of
synaptic PPF characteristic which is a very important synaptic
function when it comes to neuromorphic computing.

For comparison between electrical and optical synaptic
properties, we implement ANN-based image recognition using
potentiation/depression data of both electrical and optical
training epochs. Mixed National Institute of Standards and
Technology (MINIST) data set is used for recognition pur-
poses in a three-layered ANN system [see Fig. 8(a)]. The
potentiation/depression data calculated from electrical and
optical properties are used for recognition. The ANN consists
of 784, 300, and 10 neurons in input, hidden, and output layers,
respectively. Digits “0–9” having 28 × 28-pixel size are used
for recognition in ANN. A handwritten digit from the data set
is used as input in the neural network as shown in Fig. 8(a).
The recognition process starts with the training of the system
which is a progressive learning process. The diagonal line
color with reference to the color bar represents the outcome of
the inferred pattern [see Fig. 8(b) and (c)]. The neural network
simulation carried out using synaptic data gathered from
optical and electrical stimulations reach high accuracy (∼90%)
quickly. In the published literature it is shown that with similar
simulation and non-ideality factors, the achieved accuracy for
ideal nonlinearity is almost 95% [51], [52], [53], [19]. In these
reports, it is also indicated that a synapse that can achieve more
than 80% accuracy in fewer training cycles can be termed
a good synapse. Our device has shown good recognition
accuracy for both stimulation schemes (electrical and optical)
with fewer numbers of training cycles. For electrical stimuli,
it took only 20 cycles to reach 90% accuracy and for optical
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stimuli, it took 30 epoch cycles to reach greater than 80%
accuracy of the inferred image. The normalized recognition
loss with respect to training epochs represented in Fig. 8(d)
shows the improvement of accuracy between inferred image
and output image. For electrical synapse, it takes ∼20 epoch
training cycles to achieve less than 0.1 normalized recognition
loss while for optical synapse, it takes only 30 epoch training
cycles to achieve less than 0.18 normalized recognition loss.

For the recognition purpose of handwritten digits of
the MINIST dataset, the simulation used has been depen-
dent on nonlinearity and conductance change in poten-
tiation/depression cycles. The data gathered from the
above-mentioned parameters are used for weight update in the
hidden layer. In order to mimic the human brain or to build
an explicit neural network system, there is a need to introduce
more non-ideality factors like ON/OFF ratio, device variability,
temperature variations, endurance, etc.; the inclusion of more
factors will further authenticate the recognition system. Due
to this, our future work is focused on building a neural
network simulation model with additional factors affecting the
performance of synaptic devices.

This excellent feature of the bilayer transparent memristor
makes it suitable for optoelectronic synaptic applications in
the near future.

IV. CONCLUSION

In this work, we report a transparent ITO/ZnO/HfOx/ITO
synaptic memristor with excellent electrical and optical synap-
tic properties. After annealing the device, it displayed an
improved ON/OFF ratio with a stable dc endurance of more
than 103 cycles. The device also displayed 85% average
transparency, high stability for LRS and HRS for more than
104 s at high temperatures, and good linearity of potentiation
and depression properties. The annealed device exhibited
stable training epochs for more than 10 000 applied pulses.
In addition, it has excellent synaptic properties such as PPF,
STDP for electrical pulses and EPSC, PPF for optical pulses.
Consequently, the device displayed very good pattern recog-
nition ability for use as both electrical and optical synapses.
Hence, it shows a high potential for synaptic applications
under both electrical and optical pulses.
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