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1 Introduction

Since the theoretical [1] and practical [2] discovery of memristors, they have
been extensively studied [3, 4, 5] as elementary building blocks for artificial
intelligence and neuromorphic computing applications. These devices can
change their resistive state in response to applied voltage or current and re-
tain their state without external power. Key properties like non-volatility and
synapse-like behavior have made them promising for neuromorphic com-
puting and memory storage applications. Although not all resistive switch-
ing devices align exactly with Chua’s original model, they are generally re-
ferred to as memristors [6].

Unlike traditional binary memory, memristors can store information
across multiple resistive states, which makes them suitable for analog data
processing and brain-inspired computing. Consequently, researchers are ex-
ploring their benefits, such as low power consumption, non-volatility, and
high-density storage. In digital systems, memristors offer a compact alterna-
tive to traditional CMOS technology, with the potential to store multiple bits
per device by leveraging multistate behavior. This could lead to significant
energy savings, making memristors ideal for energy-efficient computing.

In neuromorphic computing, memristors can emulate biological
synapses more effectively than traditional components. Analog Purpose
Memristors (APMs) mimic synaptic plasticity by continuously changing re-
sistance, which is essential for adaptable neural networks. Additionally, their
non-volatility ensures that information is retained without constant refresh-
ing, unlike traditional dynamic RAM, making them useful for both memory
and computation.

Despite their potential, implementing memristors in practical comput-
ing systems comes with challenges. One major issue is accurately measuring
their resistive states and developing reliable models to predict their behav-
ior. Memristors often exhibit non-linear and unpredictable voltage-current
characteristics, complicating consistent state characterization [7]. Differ-
ent memristors operate on varying principles, making it difficult to create
universal models applicable across devices. Thus, more empirical data is
needed to refine models for simulations and real-world use.

Another challenge involves the variability and unreliability of memris-
tive devices. Due to imperfections in materials, environmental factors, and
the stochastic nature of resistive switching, memristors can exhibit signifi-
cant performance differences, even between identical devices [8]. This vari-
ability can hinder consistency in applications, especially when precise resis-
tance levels are necessary. Additionally, resistive drift—where a memristor’s
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resistance changes over time without external stimuli—introduces further
unpredictability [9].

In neuromorphic computing, variability and drift complicate the use of
memristors as reliable synaptic elements. Neuromorphic systems often re-
quire memristors to switch between a wide range of resistive states in a con-
trolled and consistent manner [10]. Variability and drift can undermine their
analog behavior, potentially degrading the performance of the entire system.
Ensuring that memristors reliably emulate synaptic plasticity remains a sig-
nificant challenge.

My work focused on developing better measurement techniques, de-
signing more effective circuits, and testing real-world applications to over-
come the limitations and unpredictability of memristors. To address these
challenges, I adopted a comprehensive approach aimed at improving the
reliability, measurement, and application of memristors in neuromorphic
computing.

To tackle measurement and modeling challenges, I designed and built
a custom measurement environment tailored for memristive devices. This
setup allowed me to capture detailed empirical data on resistive switching
behavior, enabling more accurate models. By analyzing voltage-current rela-
tionships and transient behaviors, I developed improved models that better
reflect the non-linear and stochastic characteristics of real-world memris-
tors. These models can serve as the basis for future simulations and predic-
tions, helping to understand memristor behavior across various conditions
[2, 11].

In response to device variance and unreliability, I built and tested mul-
tiple memristor network circuits aimed at reducing variability and improv-
ing consistency [12]. I developed a circuit that transforms unreliable Binary
Purpose Memristors (BPMs) into more reliable Digital Purpose Memristors
(DPMs), which can exhibit multistate behavior [13]. I later designed an im-
proved version that further enhanced reliability by arranging the memristors
in a grid, mitigating the effects of variability and resistive drift. This configu-
ration produced a more stable output, demonstrating that combining unre-
liable devices can create a more reliable system.

In exploring practical applications, I built a memristor-based Cellular
Neural Network (CNN) designed to leverage the analog nature of memris-
tors for low-power computations. I developed a template for the CNN that
implements the XOR logical operation, a key function in many computa-
tional tasks. This proof of concept shows the potential of memristor-based
systems for neuromorphic computation, offering a foundation for further
research in the field.
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In conclusion, memristors hold significant promise for diverse appli-
cations, from high-density memory storage to neuromorphic computing.
However, to fully harness their potential, challenges related to measure-
ment, device variance, and practical implementation must be addressed.
Through this research, I have made progress in tackling these challenges
by developing improved measurement techniques, designing circuits that
reduce variability, and building practical applications such as a Memristor
Cellular Neural Network. This work advances the understanding and relia-
bility of memristor-based systems, paving the way for more energy-efficient
and robust technologies in both memory and computation.

W Bottom electrode

Ge2Se3 Adhesive layer

W + Ge2Se3 Active layer with W doping

Ge2Se3 Mix layer

SnSe Assist layer

Ge2Se3 Mix layer

Ag Source layer

Ge2Se3 Adhesive layer

W Top electrode

Figure 1: The structure of the Knowm SDC memristor with Tungsten dopant.
This type of device was used in the memristor characterisation experiments.

2 Methods

In my research, I examined the resistive switching behavior and reliability
of Knowm’s Self-Directed Channel (SDC) memristors. The structure of these
memristors is illustrated in Figure 1. These devices consist of several lay-
ers, with the “active" layer as a key switching occurring in the doped Ge2Se3

layer. This layer is responsible for the device’s resistive state changes, which
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happen through the movement of silver ions within the structure. The shift-
ing of ions in and out of conductive channels is what allows the memristor
to alter its resistance, forming the basis of its operation.

I used two different subtypes of the SDC memristor in my work:
Tungsten-doped and Carbon-doped. These only differ in the dopant mate-
rial, which always occurs in the active layer shown in Figure 2. For single-
device characterization and modeling, I worked with the Tungsten-doped
SDC memristor, shown in Figure 2a, which exhibited more consistent per-
formance and allowed for a clearer study of memristive switching behavior.
For the memristor network experiments, I employed the Carbon-doped SDC
memristor, shown in Figure 2b. This version showed greater variability in its
resistive states, making it better suited for testing methods aimed at address-
ing and reducing variability.

(a) Contains 16 independent SDC W
memristors.

(b) Contains 20 independent SDC C
memristors.

Figure 2: Images of the analyzed memristor chips.

The measurement setup differed for the two types of experiments. For
single-device measurements and modeling, I used a Keysight InfiniiVision
MSO-X 3054A oscilloscope. This was connected to a laptop running NI Lab-
VIEW, which allowed for automated control of the experiment, regulation of
input voltages, and real-time data collection from the memristor. Maintain-
ing a controlled environment was essential for ensuring accurate measure-
ments and reducing external noise that could affect the memristor’s perfor-
mance.

For the memristor network experiments, which were focused on the
Carbon-doped SDC memristors, I used an NI ELVIS II+ measurement in-
strument. Like the single-device experiments, the NI ELVIS II+ was con-
trolled via NI LabVIEW, ensuring consistent and reproducible input signals
and automated data acquisition.

5



I also used a TaOx memristor model for memristor cellular neural net-
work (MCNN) simulations. This was done in order to get results directly
comparable to existing MCNN simulation results.

The data collected from both single-device and network measurements
was processed using MatLab and Python3. Custom scripts were written to
handle the data collected from the oscilloscope and the NI ELVIS II+, allow-
ing for efficient manipulation and analysis of the datasets generated during
the experiments and simulations.

3 Summary of new scientific results

Thesis group I.

1. I developed a specific measurement environment to accurately map the
characteristics of the Knowm SDC W memristor, enabling a detailed modeling
of the memristor’s state and resistance-voltage behavior.

1.1. I designed and implemented a custom measurement framework for
modeling the behavior of the Knowm SDC W memristor. The framework con-
tains a minimal number of noise-inducing components, making it particu-
larly suitable for precise characterization.

Vt

M

Rs Vs

V

V

Figure 3: Single memristor state analysis measurement circuit.

The measurement setup consists of a single “Knowm SDC W” memris-
tor, in series with a 100kΩ resistor, Rs , as shown in Figure 3. The main advan-
tage of this measurement setup is its simplicity. There are minimal parasitic
capacitances and other noise inducing elements. The disadvantage is that it
does not allow for a constant voltage applied across the device. As the state of
the memristor changes, the voltage-current relationship also changes, mak-
ing it challenging to maintain a constant voltage across the device during
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measurements. However, in this scenario low voltages are being used across
the device, therefore memristor state change is minimal.

1.2 Based on measurements, I characterized the voltage dependence and
non-linearity of the resistance of the Knowm SDC W memristor. I created an
accurate resistance model using non-linear parameter fitting

To gather information about the state the memristor is set to some arbi-
trary state between measurements and a low amplitude 1kHz triangle signal
is applied as input (Vt ) in order to to read the state without disrupting it. The
voltage data are acquired at high resolution setting, which is using a tempo-
ral averaging to reach higher precision. With this approach, a diverse data
can be collected about the voltage-current characteristics of the device.

After collecting the data from the oscilloscope I used an automated fit-
ting procedure to attempt to eliminate systematic measurement offsets for
the voltage and the current values.

The small-signal memristor model can be calculated using the following
equations:

imem = Vs

Rs
(1)

vmem = Vt −Vs (2)

rmem = vmem

imem
= Rs · Vt −Vs

Vs
= Rs · (

Vt

Vs
−1) , (3)

where vmem , imem and rmem are the memristor voltage, current and re-
sistance respectively.

Initial experiments conducted on the Ge2Se3 devices confirmed the
characteristic to be exponential in nature. The VI characteristic was also
non-symmetric for positive and negative biases.

I chose to model the switching as an Ohmic component in parallel with
both a forward and reverse diode, which accounted for both the exponential
nature of the model, and the asymmetric characteristic. The Ohmic com-
ponent can also be considered a first-degree (linear) approximation of sinh
tunneling switching behaviour.

Eq. 4 describes the two parallel Schokley diodes with opposing orienta-
tions:

Id = α1 · (eβ1·v(t ) −1)+α2 · (1−e−β2·v(t )) , (4)
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Figure 4: The faint colored bands represent the measurements with differ-
ent initial memristor state, and the thin dashed line shows the result of the
modeling.

The term containing α1 and β1 defines the characteristics of the mem-
ristor’s resistance decrease, while the term containing α2 and β2 defines the
characteristics of the memristor’s resistance increase.

Eq. 5 is the final form of the model

i (x, v(t )) = x · (Gp · v(t )+ Id ) , (5)

where Gp is state independent variables and x ∈ (0,10] is a parameter
that depends on the memristor state.

Table 1: Result of the model parameter fitting.

Model parameters
α1 α2 β1 β2 Gp

0.8 1.6 12 4.5 7

In choosing model parameters (α1, α2, β1, β2 and Gp ), we seek to min-
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imise the fitting error of the model. Using an iterative grid search method, I
tested several sets of model parameters, while the state variable x was esti-
mated for each measurement using the Levenberg–Marquardt damped least
squares method. The model parameter values can be seen on Table 1. This
model has a mean average error less than 18 nA compared to the measure-
ment data.

The result can be seen on Figure 4. It showcases the model with a few
example measurements from the state characterisation dataset.

Publications supporting Thesis group I.: [J2,C1,C2,C7,C8,C9].

Thesis group II.

2. I designed and implemented networks of different topology consisting
of several memristors and compared them to a single memristor device to
demonstrate that the networks exhibit lower cycle-to-cycle variance than the
individual device.

2.1 I designed and implemented a framework for measuring memristor
networks to demonstrate that it is possible to emulate a single memristor by
connecting multiple memristors in a grid, and that the parameters of the em-
ulated memristor are more robust.

−

+Vx

M1 R1 ≡ 220kΩ

R2 ≡ 814kΩ

Vy

V

V

Figure 5: Measurement environment circuit. The measurement setup con-
sists an amplifier circuit as a current controlled voltage source and a current
regulator resistor. The used amplifier is a "TL082". The applied voltage Vx

was strictly between −2.5V and 2.5V. The memristor symbol represents ei-
ther a single memristor or a network of memristors depending on the mea-
surement.

In the previous point, control was not emphasized as much because the
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focus was primarily on exploration. The goal was to gather as much data as
possible to gain a broad understanding of the system.

In this point, however, precision was prioritized to improve the reliability
of the results. The designed measurement setup can be seen on Figure 5. The
use of an operational amplifier enhanced measurement accuracy by ampli-
fying the signal and reducing environmental noise. However, this approach
introduced offset errors due to the presence of parasitic capacitance’s in-
herent in the circuit components. These capacitance’s affected the readings,
requiring careful calibration and consideration in the interpretation of the
results.

The cycle-to-cycle variance describes the variability (dispersion) be-
tween the conductive states that arise as a result of repeated voltage or cur-
rent pulses applied to program the memristor. This variance measures the
cycle-to-cycle deviation of the written (“SET”) and erased (“RESET”) states,
characterizing the stability and predictability of the device or network.

The experimental setup (Figure 6.) utilized an "NI ELVIS II+" signal gen-
erator and measurement device, which was operated through LabVIEW soft-
ware. This platform allowed for precise control of the experimental con-
ditions and automated data collection, enhancing the consistency and re-
peatability of the measurements.

2.2 I conducted measurements on memristor networks made of 16
“Knowm SDC C" memristors and compared them with measurements from
individual devices. I found that the cycle-to-cycle variance of the emulated
device is smaller than that of the individual device.

Measurements were conducted on two memristor network cir-
cuit topologies (checkerboard-like and H-fractal), with previously intro-
duced [12] corresponding simulation results. The H-fractal (Figure 7e &
Figure 7f) and checkerboard-like (Figure 7c & Figure 7d) topologies both
produced comparable results, supporting the validity of testing both con-
figurations experimentally. In simulations with high defect probability, the
checkerboard-like topology showed slightly better performance. The sam-
pling frequency for all measurements was 500kS/s, and the state of each
device was reset to OFF before each measurement. The result can be seen
on Figure 2. The numerical results on Table 2.

2.3 Based on the measurement results, I designed, implemented, and
tested a new network topology that further reduced the cycle-to-cycle variance
of the device emulated by the network. I also introduced a 3-dimensional net-
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LabVIEWTM

software

ELVIS II+

Custom mea-
surement board

Software generated input
and oscilloscope signal

Generated input voltage
and measured state and
output voltages

Figure 6: Block diagram showing the components of the assembled mea-
surement framework and their interconnections.

work layout for this topology.

A third general circuit design is proposed (Figure 8a), which can be im-
plemented as a 2× 2× 4, three dimensional grid structure on a multilayer
carrier. This new circuit has a better compromise between open and short
connection faults, but can only be constructed effectively in a three dimen-
sional structure. The disadvantage is that since the height of the grid is even,
and the top and bottom electrodes are aligned, they cannot form a crossbar
network.

A workaround could be that this type of network can scale with the
height of the 2×2 column, and it can be 2×2×3 or 2×2×5 sized. These new
non-general networks result in different memristor parameters. The advan-
tage of an odd height is that it can be realized in a crossbar network, as can
be seen in Figure 8b.

Another important property to consider is the chip area used. These net-
works should be implemented efficiently on a chip as a two dimensional
crossbar network. The implementation of the previous networks was only
possible using sixteen times more chip area for the emulation of a single de-
vice. The new network uses more vertical layers, but only 4 times more area
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Figure 7: Short-time pulses on a single memristor, the checkerboard like
and the H-fractal memristor network, respectively. (a), (c) and (e) show the
Voltage-Current diagram of the whole signal. (b), (d), (f) are the average of
the absolute value of all 50 write-erase signals on a logarithmic scale.

with a similar reliability gain, as compared to a single memristor. The result
can be seen in Table 2
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(a) (b)

Figure 8: The memristor arrays designed by me. I validated by measurements
that these new type of networks are more robust than the previously pre-
sented networks. Design (a) is similar to the earlier versions and consists of
16 memristors, while layout (b) contains only 12 elements, allowing it to be
efficiently arranged in three dimensions.

Publications supporting Thesis group II.: [J1,C3].

Thesis group III.

3. I designed and implemented a new Memristor Cellular Neural Network
(MCNN) template that enables the implementation of the XOR logic opera-
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Table 2: The table shows the main properties of emulating memristor net-
works. The best values are indicated, namely the highest high-resistance
state (HRS), the lowest low-resistance state (LRS), the largest HRS/LRS ra-
tio. Lower dispersion is also considered better.

Measured object OFF resistance ON resistance ON/OFF ratio Dispersion Index
Single memristor 5.7889 MΩ 0.7185 MΩ 8.0569 0.04553
H-fractal network 19.472 MΩ 0.6717 MΩ 28.990 0.02718

Checkerboard network 20.322 MΩ 5.4633 MΩ 3.7197 0.04921
3D 2x2x4 network 20.651 MΩ 0.7072 MΩ 29.201 0.01800
3D 2x2x3 network 9.3426 MΩ 0.4194 MΩ 22.276 0.02491

tion within a single cell.

3.1 I improved the two-variable Dynamic Route Mapping (DRM2) visual-
ization tool to use saturated colors and three-dimensional surfaces to support
the design of new MCNN templates.

Memristor Cellular Neural Networks (MCNNs) are a promising approach
for neuromorphic computing, but they lack of new templates and studies
that demonstrate significant improvements over classical Cellular Neural
Networks (CNNs). One of the main reasons for this is the complexity of their
underlying mechanisms, which involve the nonlinear behavior of memris-
tors. As a result, there is still a need for more research to show clear benefits
of MCNNs compared to traditional CNN architectures.

To address this, improved visualization methods could be helpful in
making the inner workings of MCNNs easier to understand. Clearer visual
representations of how memristor-based networks operate could give re-
searchers and developers a better understanding of their unique features.
This could lead to the design of more effective MCNN templates and pro-
vide a stronger basis for comparing their performance with classical CNNs.

The simulations in this section used a TaOx memristor model. Here I
present 2 new types of the existing [14] DRM2 visualisation tool. In these
visualizations, x and vx denote the memristor state and the voltage of the
MCNN cell capacitor, respectively, while ẋ and v̇x represent their derivatives.
The colored surfaces illustrate the states accessible to the cell, and the colors
vary according to the state derivatives as follows:

14



Green region (I): ẋ < 0∩ v̇x < 0
Cyan region (II): ẋ < 0∩ v̇x > 0
Gray region (III): ẋ > 0∩ v̇x < 0
Yellow region (IV): ẋ > 0∩ v̇x > 0
Red cross: ẋ = 0∩ v̇x ̸= 0
Purple rhombus: ẋ ̸= 0∩ v̇x = 0
Unfilled black circle: ẋ = 0∩ v̇x = 0, and unstable equilibrium
Filled black circle: ẋ = 0∩ v̇x = 0, and stable equilibrium
Blue line: Second-order State Dynamic Routes (SDR2)

The first (Figure 9) new version is a more straightforward one, showing
the derivatives of the two states on the Z-axis. This 3D representation pro-
vided some insight on how an MCNN cell evolve in time and prompted the
following saturated color visualisation.

The saturated color map (Figure 10) is created for the memristor state
evolution, is based on the following rules. The color is following the mem-
ristor state derivative from 107 to 10−20 logarithmically. The zero satura-
tion (full color) means that the memristor dynamics is significantly faster,
than the capacitor change, while the high color saturation (lighter color)
means that the memristor dynamics is significantly slower, than the capaci-
tor change. White colored region can be considered a stable for the memris-
tor dynamics in a constrained timeframe. Note that such values are roughly
26 orders of magnitude smaller than cell state derivatives and - according to
the TaOx model - would require several years to make noticeable difference
on the graph.

(a) DRM2 with the cell state derivative on
the Z-axis. The scale is linear and the av-
erage order of magnitude of the deriva-
tive is 6.

(b) DRM2 with the memristor state
derivative on the Z-axis. The scale is loga-
rithmic and the order of magnitude of the
derivative ranges from -100 to 10.

Figure 9: The 3D visualization designed by me.
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(a) White color indicates very small
derivatives. The blue line represent an ex-
ample MCNN cell state evolution

(b) DRM2 with indications about the type
of stability for color saturated regions.

Figure 10: Saturated color DRM2 designed by me.

3.2 Using the visualization tool, I designed a new MCNN template, the
XOR template, which implements the logical XOR operation within a single
MCNN cell.

The two state derivatives evolve in a fundamentally different way. While
the capacitor voltage change linearly, the memristor state change is expo-
nential. Therefore in certain regions of the DRM2 only the voltage changes
while in other regions only the memristor state changes and its only a nar-
row, intermediate band between the two, where both states varies signifi-
cantly.

Exploiting this realization, it seems reasonable to design with these re-
gions independently from each other. More specifically, with a certain pa-
rameter set, the memristor state can act as a switch between 2 fundamen-
tally different regular CNN macro state. When the memristor is in a low
resistance state (LRS), the MCNN cell behave as a monostable CNN cell
would, while the memristor is in high resistance state (HRS), the MCNN cell
is bistable (Figure 11).

It seemed logical to use the memristor state as one of the XOR inputs,
leaving only the values of the other input to be determined. The required
parameters can be seen on Table 3. Here, u denotes the input of the MCNN
cell, while vxi ni t represents the initial voltage of the MCNN cell capacitor.
The variable xi ni t varies between 0 and 1 and represents the initial state of
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the memristor.

A B XOR
u = 0.1 & vxi ni t =−0.1 xi ni t = 0 0
u = 0.1 & vxi ni t =−0.1 xi ni t = 1 1
u =−0.1 & vxi ni t = 0.1 xi ni t = 0 1
u =−0.1 & vxi ni t = 0.1 xi ni t = 1 0

Table 3: Implementation of the XOR operation.
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Figure 11: The four cases of the XOR boolean operation. The empty blue cir-
cle and the filled blue circle marks the starting state and the final state of the
dynamics, respectively.These determine the direction of the trajectory rep-
resented by the continuous blue line.

3.3 I designed and implemented an isolated Memristor Cellular Neural
Network (MCNN) cell circuit and then verified the implementation by realiz-
ing and measuring the MCNN-specific STORE and RECALL templates.

The circuit design is shown on Figure 12. It is inspired by the CNN cell
circuit implementation [15]. Op amp O1A and resistors R1 −R3 computes
the weighted sum of analogue voltages. Op amp O1B with resistors R4 −R7

and potentiometer P1 implement an improved Howland Voltage Controlled
Current Source (VCCS). Op amp O2A with resistor R9 and potentiometer
P2 realizes an approximation of the piecewise-linear standard non-linearity
function. Buffer capacitor Cb filters out the high frequency noise compo-
nents from the output signal vout , ensuring a safe operation for the feedback
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branch. Cb operates only on the output stage, and thus does not increase the
number of degrees of freedom of the memcomputing core. R8 is used in se-
ries with the memristor to limit the current across the memristor device and
provides a point of indirect measurement at the node at voltage vmeas . The
gray box is a relay, controlled by the voltage VC, falling across a coil, and set-
ting the initial values of the MCNN states, i.e. the voltage vx across capacitor
C, and the memristor state x. The relay has no effect during the MCNN op-
eration.

The operation of the STORE and RECALL templates is closely related to
the memristor element of the MCNN cell. As their names suggest, the pur-
pose of the STORE template is to store a binary value given at the cell’s input
in the memristor unit in the form of a low or high resistance state. The pur-
pose of the RECALL template is to read the binary value stored in the mem-
ristor and display it at the cell’s output in the form of a positive or negative
saturation voltage level.

Figure 13 show examples with simulation and measurement results.

−

+
O1B

−

+
O2A

−

+
O1A

R4

R1

R3
R5

R6

R9

R2

C

vm

im

R8

R7

P1

P2

Cb

VIN

VC

Vi ni t

Iz

vout

vx

vmeas

Figure 12: Novel implementation of the isolated MCNN cell circuit.

3.4 I implemented the designed template on the isolated MCNN cell circuit
and verified the XOR template simulation results through measurements.

In the context of this experiment, the XOR operation is defined as fol-
lows. InputA is the memristance of the memristor, can be either LRS or HRS,
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(a) Memristor state and capacitor voltage change in the case of the STORE template.
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(b) Memristor state and capacitor voltage change in the case of the RECALL template.

Figure 13: STORE and RECALL template measurement comparison of state
variables with simulation results.

while InputB is both the MCNN cell input and MCNN cell capacitor voltage.
The Out put is the sign of the MCNN cell output.

Figure 14 shows the summary of the measurement. The state initializa-
tion and demonstration of the four cases of XOR is starting at t = 0s, t = 1s,
t = 2s and t = 3s.

Publications supporting Thesis group III.: [C4,C5,C6].
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Figure 14: Summary result of the measurement. For the first and second case
the output follows the sign of the MCNN cell input and after a memristor
state erase signal the output follows the inverse of the sign of the MCNN cell
input. During operation the MCNN cell capacitor voltage is kept small to
avoid unwanted memristor state change.

4 Areas of application

In thesis point 1, the measured memristor characteristics are essential for
understanding and accurately modeling memristor behavior. By mapping
the relationship between resistance and voltage, I characterized the nonlin-
ear features of memristor behavior, which play a key role in controlling the
writing, reading, and erasing of memory states. This information enables the
development of models that accurately describe how the memristor state
changes in response to applied electrical signals, thereby facilitating the de-
velopment of more reliable and efficient devices.

In thesis point 2, the implemented memristor networks play a significant
role in creating more stable devices by enabling the production of a single,
more reliable emulated memristor through the combined use of multiple
memristors. Measurements indicate that the cycle-to-cycle variations in the
networks are smaller than those of individual memristors, resulting in lower
variance. Consequently, memristors organized into networks can contribute
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to the development of more stable and predictable devices, which is partic-
ularly important for industrial manufacturing and applications.

In thesis point 3, the visualization tool utilizing saturated colors and
3D surfaces enables the development and fine-tuning of MCNN templates,
such as the XOR template, which can perform complex logical operations
within a single cell. The implementation of the isolated MCNN cell circuit
and the successful testing and measurement of the templates demonstrate
that the MCNN platform is stable and effective. Based on these results, the
MCNN is suitable for implementing new image processing algorithms.
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