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Abstract: This study discusses the potential application of ITO/ZnO/HfOx/W bilayer-structured
memory devices in neuromorphic systems. These devices exhibit uniform resistive switching char-
acteristics and demonstrate favorable endurance (>102) and stable retention (>104 s). Notably, the
formation and rupture of filaments at the interface of ZnO and HfOx contribute to a higher ON/OFF
ratio and improve cycle uniformity compared to RRAM devices without the HfOx layer. Additionally,
the linearity of potentiation and depression responses validates their applicability in neural network
pattern recognition, and spike-timing-dependent plasticity (STDP) behavior is observed. These
findings collectively suggest that the ITO/ZnO/HfOx/W structure holds the potential to be a viable
memory component for integration into neuromorphic systems.

Keywords: neuromorphic system; resistive switching; ZnO; spike-timing-dependent plasticity

1. Introduction

The advancement of modern computing and information storage technology hinges
on innovations in memory technology. Due to the scaling limits of current technology,
Moore’s law is coming to an end [1]. Furthermore, to address the potential von Neumann
bottleneck inherent in the traditional CPU-memory separation architecture, researchers
are exploring the integration of various memory devices into neuromorphic computing
systems, including phase-change RAM (PcRAM) [2,3], ferroelectric random-access memory
(FRAM) [4,5], magnetic RAM (MRAM) [6,7], and resistive RAM (RRAM) [8,9]. Attention
has shifted toward alternatives that break from conventional evolutionary paths. Among
these, RRAM has garnered prominence as a promising contender for the next generation of
non-volatile memory [10,11]. Its appeal lies in its straightforward metal–insulator–metal
(MIM) structure, rapid speed, compatibility with CMOS technology, and low power con-
sumption [12–25]. This innovative approach aims to bridge the gap between CPU and
memory, promising efficient data processing and potentially revolutionizing the comput-
ing landscape. Operationally, RRAM has a simple structure and operation. By applying
voltage to the electrodes, the device switches between a high-resistance state (HRS) and
a low-resistance state (LRS), forming the foundation for data storage [26]. This resistive
switching phenomenon occurs within insulating materials such as HfOx [27,28], ZnO [29],
Al2O3 [30], NiO [31], and others. They can be deposited using various techniques, includ-
ing chemical vapor deposition (CVD) and physical vapor deposition (PVD). Among these
materials, ZnO-based RRAM stands out for synaptic device applications due to its notable
features, including a moderate bandgap and cost-effectiveness [32]. Nevertheless, chal-
lenges persist within single-layer ZnO RRAM, encompassing critical switching variations,
power consumption concerns, non-uniform SET and RESET voltages, and the presence of
high-leakage currents [33].
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Jain et al. reported that HfOx showcases a lower Gibbs free energy and a higher dielec-
tric constant compared to ZnO, resulting in the formation of fewer oxygen vacancies. The
interface between ZnO and HfOx promotes the creation and rupture of filaments, enhancing
endurance stability by preventing the escape of oxygen vacancies from the electrode [34–36].
This insight suggests that incorporating HfOx in RRAM devices contributes to improved
operational stability [37–39]. Building upon this foundation, our research introduces an in-
novative methodology, integrating HfOx to establish a dependable conductive filament and
facilitate the exploration of synaptic behaviors. Our investigation addresses the challenge
of achieving high switching efficiency and stability, presenting an advanced framework
for advancing RRAM technology. Moreover, our study goes beyond material properties
and filament stability, instead aiming to replicate the progressive conductivity changes
resembling the human neural network. We employ excitatory post-synaptic current and
spike-timing-dependent plasticity and emulate the human brain using the Modified Na-
tional Institute of Standards and Technology (MNIST) database [40–44]. In this work, we
delve into the progress and challenges of RRAM technology, focusing on enhancing neu-
romorphic RRAM devices through integrating HfOx. Investigating improved properties,
including synaptic behavior, we aim to contribute to the advancement of next-generation
non-volatile memory and computing systems.

2. Experimental Section

To ensure a clean surface, a commercially available SiO2/Si substrate was cleaned
using acetone and isopropyl acetone. The bottom W electrode was deposited through a
radio frequency (RF) sputter process with 20 sccm of Ar gas. The pressure and RF power
were 399.966 mPa and 100 W. For the ZnO/HfOx bilayer device, a 5 nm thick HfOx film was
deposited on the bottom W electrode through an RF reactive sputter using a gas mixture of
Ar (12 sccm) and O2 (3 sccm) with RF power of 80 W. For both devices, a 30 nm thick ZnO
film was deposited through an RF reactive sputter (at 80 W) in a gas mixture of Ar (12 sccm)
and O2 (8 sccm). Using photolithography, square patterns of 100 µm × 100 µm were made
on the ZnO films. Finally, a 100 nm thick top ITO electrode was acquired through an RF
sputtering process (at 60 W) using Ar gas (8 sccm). A commercial ITO target (99.99% purity)
was used under 399.966 mPa gas pressure. The cross-section analysis and its chemical
properties were acquired using a field emission transmission electron microscope (JEOL
JEMF200, Akishima, Japan) and X-ray photoelectron spectroscopy (XPS). Furthermore, the
electrical properties of ITO/ZnO/HfOx/W and ITO/ZnO/W devices were investigated
using a semiconductor parameter analyzer (Keithley 4200-SCS and 4225-PMU ultrafast
module, Cleveland, OH, USA) by biasing ITO top electrode, leaving W electrode grounded.

3. Results and Discussions

Figure 1a illustrates the schematic representation of the ITO/ZnO/HfOx/W device.
The square-patterned top electrode with a diameter of 100 µm was achieved through
photolithography and a lift-off process using acetone. In Figure 1b, we present cross-
sectional transmission electron microscopy (TEM) images of the ITO/ZnO/HfOx/W device.
These images distinctly depict a 30 nm ZnO layer, a 100 nm top ITO electrode, a bottom
W electrode, and a 5 nm HfOx layer. Intriguingly, we also observe the presence of a 4 nm
WOx layer, which formed as a result of oxygen migration from HfOx. Figure 1c further
complements our analysis by showcasing energy-dispersive X-ray spectroscopy (EDS) line
spectra for each layer, affirming the presence of In, Sn, O, Zn, Hf, and W.

Further chemical compositions of the insulating HfOx and ZnO layers were conducted
through X-ray photoelectron spectroscopy (XPS) analysis. Figure 2 provides an insight into
the chemical composition of the RF-sputter-deposited ZnO/HfOx bilayer film.
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Figure 1. (a) Schematic illustration of ITO/ZnO/HfOx/W device. (b) Cross-sectional TEM image of 
the ITO/ZnO/HfOx/W device. (c) EDS line spectra of In, Sn, O, Zn, Hf, W. 
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Figure 1. (a) Schematic illustration of ITO/ZnO/HfOx/W device. (b) Cross-sectional TEM image of
the ITO/ZnO/HfOx/W device. (c) EDS line spectra of In, Sn, O, Zn, Hf, W.
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Figure 2. The XPS spectra of ZnO and HfOx thin films. (a) Zn 2P. (b) O 1s. (c) Hf 4f. (d) O 1s.

Firstly, Figure 2a,b showcase the XPS spectra for Zn 2p and O 1s in the ZnO film.
As observed in Figure 2a, two distinct XPS peaks, Zn 2p3/2 and Zn 2p1/2, manifest at
1045.1 eV and 1022 eV, respectively. Additionally, the presence of ZnO insulating material
is confirmed by the O 1s peak at 531.5 eV. Turning our attention to Figure 2c,d, these panels
reveal the Hf 4f and O 1s spectra for the HfOx thin film. As can be seen in Figure 2c, the
XPS peaks for Hf 4f7/2 and Hf 4f5/2 are discernible at 18.2 eV and 19.9 eV, respectively.
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Furthermore, the O 1s peak in Figure 2d, observed at 531.5 eV, signifies the presence of the
HfOx thin insulating film.

Figure 3a illustrates the forming curves for the ZnO and ZnO/HfOx-based devices at
a compliance current of 0.1 mA.

Nanomaterials 2023, 13, x FOR PEER REVIEW 4 of 12 
 

 

and 1022 eV, respectively. Additionally, the presence of ZnO insulating material is con-
firmed by the O 1s peak at 531.5 eV. Turning our attention to Figure 2c,d, these panels 
reveal the Hf 4f and O 1s spectra for the HfOx thin film. As can be seen in Figure 2c, the 
XPS peaks for Hf 4f7/2 and Hf 4f5/2 are discernible at 18.2 eV and 19.9 eV, respectively. Fur-
thermore, the O 1s peak in Figure 2d, observed at 531.5 eV, signifies the presence of the 
HfOx thin insulating film. 

Figure 3a illustrates the forming curves for the ZnO and ZnO/HfOx-based devices at 
a compliance current of 0.1 mA. 

 
Figure 3. I-V characteristic of both ZnO and ZnO/HfOx RRAM device. (a) I-V curves of forming 
process, (b) bipolar resistive switching in 100 cycles, (c) endurance test for 100 cycles, (d) retention 
properties for 104 s. 

Before the device activation, a soft breakdown process (forming) is usually needed in 
the resistive switching device to accumulate defects and create an initial conductive path. 
As illustrated, by applying the appropriate forming voltage, the device transits from the 
initial resistance state (IRS) to the low resistance state (LRS). Furthermore, it is shown that 
the ZnO/HfOx bilayered device needs more voltage for the forming process compared to 
the single-layered device. This may be due to the additionally deposited HfOx layer, which 
makes the dielectric region more insulating [30]. In Figure 3b, the I-V curve is shown after 
100 consecutive set and reset cycles following the forming process. To establish the de-
vices, a voltage ramping up to 3 V was applied, while a ramped voltage of −3 V was ap-
plied to reset them. Furthermore, a compliance current of 10 mA was applied for both 
devices to avoid permanent breakdown [45]. Analyzing the I-V curve reveals that the 
ZnO/HfOx RRAM exhibits improved uniformity compared to the ZnO-based RRAM. Fur-
thermore, endurance was tested at a read voltage of 0.1 V. As demonstrated in Figure 3c, 
the device with HfOx insertion experiences less variation. In Figure 3d, a comparison be-
tween the two devices during a retention test lasting 104 s is presented. At a read voltage 
of 0.1 V, the ZnO/HfOx device demonstrates a larger ON/OFF ratio for both HRS and LRS 
retention as compared to the ZnO device. 

Moving forward, we conducted a comparison of the cell-to-cell uniformity of 10 ran-
domly selected cells between the two devices, as shown in Figure 4a,b. The enhanced uni-
formity of the ZnO/HfOx device is evident. Furthermore, Figure 4c presents a comparison 
of resistance distributions, revealing a reduced degree of cell-to-cell variability. In Figure 

-3 -2 -1 0 1 2 3

10-5

10-4

10-3

10-2

C
ur

re
nt

 (A
)

Voltage (V)

 ITO/ZnO/W
 ITO/ZnO/HfOx/W

2 4 6 8 10 12
10-11

10-10

10-9

10-8

10-7

10-6

10-5

10-4

10-3

C
ur

re
nt

 (A
)

Voltage (V)

 ITO/ZnO/HfOx/W
 ITO/ZnO/W

0 20 40 60 80 100

102

103

  ITO/ZnO/W
  ITO/ZnO/HfOx/W

R
es

is
ta

nc
e 

(Ω
)

DC cycle (#)
0 2000 4000 6000 8000 10000

102

103

  ITO/ZnO/W
  ITO/ZnO/HfOx/W

R
es

is
ta

nc
e 

(Ω
)

Time (s)

(a) (b)

(c) (d)

Figure 3. I-V characteristic of both ZnO and ZnO/HfOx RRAM device. (a) I-V curves of forming
process, (b) bipolar resistive switching in 100 cycles, (c) endurance test for 100 cycles, (d) retention
properties for 104 s.

Before the device activation, a soft breakdown process (forming) is usually needed in
the resistive switching device to accumulate defects and create an initial conductive path.
As illustrated, by applying the appropriate forming voltage, the device transits from the
initial resistance state (IRS) to the low resistance state (LRS). Furthermore, it is shown that
the ZnO/HfOx bilayered device needs more voltage for the forming process compared to
the single-layered device. This may be due to the additionally deposited HfOx layer, which
makes the dielectric region more insulating [30]. In Figure 3b, the I-V curve is shown after
100 consecutive set and reset cycles following the forming process. To establish the devices,
a voltage ramping up to 3 V was applied, while a ramped voltage of −3 V was applied
to reset them. Furthermore, a compliance current of 10 mA was applied for both devices
to avoid permanent breakdown [45]. Analyzing the I-V curve reveals that the ZnO/HfOx
RRAM exhibits improved uniformity compared to the ZnO-based RRAM. Furthermore,
endurance was tested at a read voltage of 0.1 V. As demonstrated in Figure 3c, the device
with HfOx insertion experiences less variation. In Figure 3d, a comparison between the
two devices during a retention test lasting 104 s is presented. At a read voltage of 0.1 V, the
ZnO/HfOx device demonstrates a larger ON/OFF ratio for both HRS and LRS retention as
compared to the ZnO device.

Moving forward, we conducted a comparison of the cell-to-cell uniformity of 10 ran-
domly selected cells between the two devices, as shown in Figure 4a,b. The enhanced
uniformity of the ZnO/HfOx device is evident. Furthermore, Figure 4c presents a com-
parison of resistance distributions, revealing a reduced degree of cell-to-cell variability.
In Figure 4d, a comparison of cumulative distribution functions highlights that the HRS-
to-LRS ratio is 2.28 for the ZnO device and 7.41 for the ZnO/HfOx device, underscoring
the improved performance achieved through the introduction of HfOx. These findings
emphasize the enhanced characteristics of the ZnO/HfOx RRAM configuration.
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Figure 4. Cell-to-cell uniformity (a) without and (b) with HfOx device, (c) cell-to-cell variability, and
(d) cumulative probability of both ZnO and ZnO/HfOx devices.

Next, we conducted an analysis of the conduction mechanisms in the two devices. For
the ZnO device, the LRS conduction characteristics are represented by a dual logarithmic
curve fitting, as depicted in Figure 5a, revealing a slope of 1.03. This observation indicates
Ohmic conduction, which relies on resistance as a primary factor. Conversely, the HRS state
demonstrates a linear relationship between ln (I/V) and sqrt (V), as shown in Figure 5c. This
finding suggests the presence of the Poole–Frankel (PF) emission conduction mechanism.
In the PF mechanism, thermally activated electrons surmount energy barriers located at
trap sites. In contrast, for the ZnO/HfOx device, Figure 5b,d illustrate that both the LRS
and HRS states exhibit a linear relationship between ln(I) and sqrt(V). This pattern points
towards the Schottky emission as the predominant conduction mechanism. In the Schottky
emission, thermal energy aids electrons in overcoming the Schottky barrier. The equations
that describe the linear relationships for Ohmic conduction, Schottky emission, and the PF
mechanism are as follows:

(Ohmic) I ∝ V (1)

(Schottky) ln I ∝
e
√

eV/4πεrε0d
KT

(2)

(PF) ln I/V ∝
e
√

eV/πεrε0d
KT

(3)

where e, εr, ε0, d, K, and T denote elementary charge, relative dielectric constant, free space
permittivity, film thickness, Boltzmann’s constant, and temperature, respectively [46].
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Figure 5. (a) Ohmic conduction mechanism fitting in the LRS state of ZnO device, (b) Schottky
emission conduction mechanism fitting in the LRS state of ZnO/HfOx device, (c) Poole–Frankel
emission conduction mechanism fitting in the HRS state of ZnO device, (d) Schottky emission
conduction mechanism fitting in the HRS state of ZnO/HfOx device.

The switching mechanism of the devices is illustrated in Figure 6a–d. In the ITO/ZnO/W
device, applying a positive voltage to the ITO top electrode (TE) induces the migration of
oxygen ions toward the ITO side. The accumulation of oxygen vacancies within the ZnO
layer facilitates the formation of a conductive filament, initiating the set process, as shown
in Figure 6a. Conversely, applying a negative voltage to the TE causes oxygen ions to
migrate back to the bottom electrode (BE). These ions replenish oxygen vacancies, leading
to the rupture of the oxygen-deficient conductive filament near the BE. This transition
characterizes the reset process, as depicted in Figure 6b.
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Figure 6. Schematic diagram of filament formation and rupture process in the RRAM device. (a) Set
and, (b) reset process of ITO/ZnO/W. (c) Set and, (d) reset process of IZO/ZnO/HfOx/W device.

However, due to the inherent randomness of conducting filament, the ZnO single-layer
device suffers from variation of resistance states during repeated cycles [47,48]. Contrast-
ingly, the ZnO/HfOx device exhibits a distinct mechanism. Based on the previous studies
reporting the conduction mechanisms in the ZnO/HfOx layered structure, a conduction
mechanism focusing on the formation and rupture of the conductive filament at the ZnO
and HfOx interface is proposed [35,36]. After the forming process, oxygen ions migrate to
the TE to complete the reduction process, giving rise to an hourglass-shaped conductive
filament, with its weakest point located at the interface of the ZnO and HfOx layer, as
shown in Figure 6c [34,35]. This filament formation is accompanied by a sudden surge in
current, transitioning the device into the LRS. Conversely, applying a negative voltage to
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the TE triggers the reset operation. During this phase, oxygen ions migrate back to the BE,
replenishing oxygen vacancies and causing the conductive filament to rupture. Thus, the
weakest point, at the interface of ZnO/HfOx, ruptures, causing the device to return to the
HRS, as depicted in Figure 6d [35]. The formation of an hourglass-shaped filament occurs
when a positive voltage is applied to the ITO top electrode. Oxygen vacancies from the
ZnO layer migrate through the HfOx layer to the bottom W electrode. In effect, the oxygen
vacancies in the HfOx layer transform it into a virtual electrode. These vacancies could
play a catalytic role, essential for initiating the emergence of the conductive filament within
ZnO. The resistive switching (RS) mechanism is regulated by the constriction imposed by
the matrix layer, governing the filament’s rupture and recovery at the ZnO/HfOx interface
and ensuring precise switching uniformity [34]. Notably, the primary site of conductive
filament formation and rupture occurs at the contact interface between ZnO and HfOx
layers [49,50].

The feasibility of pulse response testing for the device is demonstrated by its applica-
tion in neuromorphic devices. The pulse trains for both potentiation and depression are
depicted in Figure 7a.

Nanomaterials 2023, 13, x FOR PEER REVIEW 7 of 12 
 

 

conductive filament, with its weakest point located at the interface of the ZnO and HfOx 
layer, as shown in Figure 6c [34,35]. This filament formation is accompanied by a sudden 
surge in current, transitioning the device into the LRS. Conversely, applying a negative 
voltage to the TE triggers the reset operation. During this phase, oxygen ions migrate back 
to the BE, replenishing oxygen vacancies and causing the conductive filament to rupture. 
Thus, the weakest point, at the interface of ZnO/HfOx, ruptures, causing the device to 
return to the HRS, as depicted in Figure 6d [35]. The formation of an hourglass-shaped 
filament occurs when a positive voltage is applied to the ITO top electrode. Oxygen 
vacancies from the ZnO layer migrate through the HfOx layer to the bottom W electrode. 
In effect, the oxygen vacancies in the HfOx layer transform it into a virtual electrode. These 
vacancies could play a catalytic role, essential for initiating the emergence of the 
conductive filament within ZnO. The resistive switching (RS) mechanism is regulated by 
the constriction imposed by the matrix layer, governing the filament’s rupture and 
recovery at the ZnO/HfOx interface and ensuring precise switching uniformity [34]. 
Notably, the primary site of conductive filament formation and rupture occurs at the 
contact interface between ZnO and HfOx layers [49,50]. 

The feasibility of pulse response testing for the device is demonstrated by its 
application in neuromorphic devices. The pulse trains for both potentiation and 
depression are depicted in Figure 7a. 

 
Figure 7. (a) Pulse schematic about potentiation and depression, (b) potentiation and depression 
characteristics, (c) potentiation and depression characteristics under 10 cycles of an identical pulse 
train. 

To acquire potentiation and depression, a sequence of 50 set pulses and reset pulses 
with an amplitude of 1.3 V and −1.5 V was applied with a pulse of 30 µs and 20 µs. 
Additionally, to observe the conductance change through the applied pulse, a pulse of 0.1 
V followed the consecutive pulse trains. The interval time between all pulse trains was 
consistently maintained at 10 µs. The outcomes of the pulse response are presented in 
Figure 7b, revealing a gradual increase and decrease in conductance. Further insight is 
provided in Figure 7c, which displays 10 cycle graphs for both potentiation and 
depression. These graphs underscore the consistent conductance levels observed across 
each cycle, affirming the device’s reliability as a neuromorphic element [51]. This specific 
component’s conductance can be employed as a weight in neural networks. 

To validate its performance, deep neural network (DNN)-based handwritten digit 
recognition accuracy was assessed using the MNIST database with Python in Google 
Colab. As shown in Figure 8a, the MNIST dataset encompasses 28 × 28-pixel grayscale 
images of handwritten digits, resulting in a neural network architecture with 784 input 
neurons and 10 output neurons. Additionally, the incorporated hidden layer consists of 
three hidden layers with 128, 64, and 32 nodes to enhance accuracy. Each digit of 28 × 28-
pixel grayscale images has values ranging from 0 to 1. The corresponding white and black 
pixels of these two-digit data were gathered, forming a number image. For the input 
dataset, the potentiation and depression curves from Figure 7b were used and converted 
into an input image. The conversion followed the increase and the decrease of 

0 20 40 60 80 100

2.4

2.5

2.6

2.7

C
on

du
ct

an
ce

 (m
S)

Pulse number (#)

 Potentiation
 Depression

0 200 400 600 800 1000

2.4

2.5

2.6

2.7

C
on

du
ct

an
ce

 (m
S)

Pulse number (#)

-3

-2

-1

0

1

2

3

0.1 V, 20 μs

−1.5 V, 20 μs

0.1 V, 30 μs

Vo
lta

ge
 (V

)

Time

 Potentiation
 Depression 

1.3 V, 30 μs

(b)(a) (c)

Figure 7. (a) Pulse schematic about potentiation and depression, (b) potentiation and depression char-
acteristics, (c) potentiation and depression characteristics under 10 cycles of an identical pulse train.

To acquire potentiation and depression, a sequence of 50 set pulses and reset pulses
with an amplitude of 1.3 V and −1.5 V was applied with a pulse of 30 µs and 20 µs.
Additionally, to observe the conductance change through the applied pulse, a pulse of
0.1 V followed the consecutive pulse trains. The interval time between all pulse trains
was consistently maintained at 10 µs. The outcomes of the pulse response are presented
in Figure 7b, revealing a gradual increase and decrease in conductance. Further insight is
provided in Figure 7c, which displays 10 cycle graphs for both potentiation and depression.
These graphs underscore the consistent conductance levels observed across each cycle,
affirming the device’s reliability as a neuromorphic element [51]. This specific component’s
conductance can be employed as a weight in neural networks.

To validate its performance, deep neural network (DNN)-based handwritten digit
recognition accuracy was assessed using the MNIST database with Python in Google Colab.
As shown in Figure 8a, the MNIST dataset encompasses 28 × 28-pixel grayscale images
of handwritten digits, resulting in a neural network architecture with 784 input neurons
and 10 output neurons. Additionally, the incorporated hidden layer consists of three
hidden layers with 128, 64, and 32 nodes to enhance accuracy. Each digit of 28 × 28-pixel
grayscale images has values ranging from 0 to 1. The corresponding white and black
pixels of these two-digit data were gathered, forming a number image. For the input
dataset, the potentiation and depression curves from Figure 7b were used and converted
into an input image. The conversion followed the increase and the decrease of conductance
value, making the value of the pixel change linearly compared to the previous image.
Then, the number of images was inserted into the DNN-based pattern recognition system,
where nodes of each layer calculated the accuracy of the handwritten image, as illustrated
in Figure 8b. Impressively, an accuracy rate of 93.96% was achieved, substantiating the
device’s utility as a robust element within neuromorphic systems [52].
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Figure 8. (a) Schematic diagram of MNIST neural networks for pattern recognition. (b) Implementa-
tion of recognition accuracy using MNIST.

The excitatory post-synaptic current (EPSC) responses in the ITO/ZnO/HfOx/W
memristor are depicted in Figure 9a,b. In Figure 9a, the post-synaptic response of the
ITO/ZnO/HfOx/W device is shown when a consistent pulse amplitude of 3.6 V is applied
with a pulse width of 100 µs, while the number of pulses is varied from 1 to 50. It is evident
that as the number of pulses (input spikes) increases, the EPSC current value (output spike)
also increases, indicating a positive correlation. Furthermore, Figure 9b displays the EPSC
gain when the pulse amplitude is varied from 2 V to 3.6 V in increments of 0.4 V, all with a
constant 100 µs pulse width. The EPSC gain is calculated using Equation (4) [53], where
In and Ii represent the current after the last pulse and the initial current of the device,
respectively. Notably, at a constant pulse amplitude, an increasing number of pulses leads
to an augmented EPSC gain. This observation suggests that the increase in EPSC with a
greater number of pulses mimics the synaptic response seen in biological synapses due to
the relaxation process [54,55].
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Figure 9. (a) EPSC response at 100 µs pulse width while increasing the number of pulses from 1 to 50
at a constant pulse amplitude of 3.6 V, (b) EPSC gain when the pulse amplitude is increased from 2 V
to 3.6 V while the number of pulses increases, (c) STDP schematic, (d) result of STDP.

Finally, for further emulation, the Hebbian learning rule, also known as spike-timing-
dependent plasticity (STDP), was implemented. STDP is a brain function of connection
between the pre- and post-synapses of the brain. Between each synapse, information
migrates through electrical stimuli at high speed. The strength of the synapse connection
depends on the differing spike firing times of the pre- and post-synapses, resulting in dif-
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ferent memory activities. This temporal disparity between pre-synaptic and post-synaptic
neuron firings becomes evident through the gradual resistive switching of the device [56,57].
In this context, the conductive filament connecting the TE and BE simulates the roles of
pre-synaptic and post-synaptic neurons in a human neural network [58,59]. To observe
this phenomenon, pulse pairs are administered to each electrode. Figure 9c illustrates
the pulse train applied to the terminal electrode, integrating a timing gap denoted as ∆t
between the two electrodes. The pulse interval remains fixed at 100 µs. During potentiation,
the pre-spike precedes the post-spike. Conversely, for depression, a negative pulse train
causes the post-spike to precede the pre-spike. Equation (5) expresses the synaptic weight,
where Gi represents the initial conductance before the pulse pair, and Gf represents the
conductance following the pulse pair. As shown in Figure 9d, sequential alterations in
synaptic weights occur due to the time differences between spikes. This experimental setup
effectively demonstrates how the gradual resistive switching of the device mirrors the
fundamental principles of STDP, showcasing the potential applicability of the device in
emulating synaptic plasticity within neuromorphic systems.

EPSCgain = In/Ii (4)

∆W =
G f − Gi

Gi
× 100 (%) (5)

4. Conclusions

This study has compellingly established the supremacy of ZnO/HfOx-based RRAM
over its ZnO-based counterpart. The meticulous control of filament formation and rup-
ture at the interface has led to remarkable advancements in various domains, including
heightened uniformity in DC I-V bipolar switching, a substantial amplification of the
ON/OFF ratio, steadfast endurance (>102), and retention (>104 s). Notably, this precise
control facilitates pivotal synaptic functionalities like potentiation and depression. Various
synapse functions were mimicked by precisely controlling the pulse scheme application
to the device. By applying a controlled number of pulses with varied pulse amplitudes,
the EPSC data were gained. Next, the synapse connection was tested through a Hebbian
learning rule, STDP. Additionally, by applying a sequential pulse scheme of set and reset
pulses, the gradual change of conductance, potentiation, and depression was achieved
and repeated for 10 cycles to ensure its uniformity and repeatability. Furthermore, by
using the previous potentiation and depression curve, the DNN-based MNIST PRS was
implemented and tested to seek its number recognition ability. Collectively, we believe that
the ITO/ZnO/HfOx/W device we fabricated in this paper showed affirmable potential in
its neuromorphic application due to its various synapse-emulating functions. As the field
of neuromorphic computing advances, this device shows the potential to make a significant
contribution to the evolution of efficient and sophisticated neural network systems.
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