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Abstract

Memristors are state-of-the-art electronic elements with nano sizes, about 3 nm dimensions,
with very good nano-second switching and memory properties, low power usage of about
100 µW, and good compatibility with the current technology of CMOS-integrated chips and
circuits. These components are potentially applicable in T-byte memory arrays, artificial
neural networks, logic gates and many other digital and analog electronic schemes and
devices for artificial intelligence. This paper presents the application of some simple and
fast-operating modified memristor models with activation thresholds in neural networks
and logic circuits. MATLAB ver. 2016a and LTSPICE ver. XVII products are used for the
analysis of memristor neural nets and logical circuits for artificial intelligence. Several
simple, accurate and fast-operating existing modified memristor models, together with
several frequently used standard memristor models, are utilized for the associated analyses
and simulations. A comparison between the used memristor models is conducted. The
considered memristor models are tuned, using experimentally recorded i-v relations of
tungsten-sulfide Knowm memristors. An accurate functioning of the analyzed neural nets
and logic functions is confirmed by the derived results. The considered modified memristor
models, neural networks and logic schemes are important in modeling and analysis of
memristor-based circuits for ultra-high-density artificial intelligence-integrated chips.

Keywords: memristor neural network; memristor-based logic circuits; artificial intelligence;
improved memristor models

1. Introduction
Memristors are promising nano-size electronic elements with very good memory

and switching features. They were predicted by L. Chua in 1971 as the missing physical
connection between the magnetic flux and electric charge for the main passive two-terminal
elements [1–3]. The memory properties of memristors are connected to the accumula-
tion of electric charge and retention of their state after turning the sources off. Differ-
ent types of memristors are available [4–6]. The scientific literature reports memristors
based on titanium dioxide [3], hafnium oxide [4], tantalum oxide [5,6], niobium oxide [2],
and ferroelectric, polymeric, spintronic and other composite materials [7–10]. In recent
years, memristors that are based on metal oxides have been under intensive investigation.
They have stable characteristics, nano-dimensions, significantly low power consumption,
and a strong compatibility with the present CMOS ultra-high-density integrated chips
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and circuits [10]. Memristors are potentially applicable in different electronic circuits
like in neural networks [11,12], memory arrays, reconfigurable electronic circuits and
devices—amplifiers, oscillators, filters, logic gates and many others [13–16]. In memristor-
based memory crossbars, they are used for storing logical information. Their switching
properties are significant for fast commutation in such schemes [17–19]. In neural networks,
memristors are mainly used as synapses for storing the synaptic weights [18,19]. The
preliminary design and analysis of complex memristor-based electronic circuits require
appropriate software products, such as SPICE and fast-operating memristor models [20,21].
In recent years, LTSPICE has been desired by many design engineers, owing to its free
license, user-friendly and simple interface, and improved convergence compared to the
other SPICE family products [21]. The number of electronic elements and their connections
is not restricted in LTSPICE environments and this makes computer simulations of complex
electronic circuits possible. LTSPICE software is available for free download on the website
of Analog Devices.

Some standard memristor models, such as those of Stanley Williams [1], Joglekar [22],
Biolek [23], Laiho–Lehtonen, Knowm [24,25] and many others [26,27], have specific draw-
backs, alongside their positive features. The Williams, Joglekar and Biolek memristor
models are simple and fast-operating, but their accuracy is low in comparison with other
models and they do not completely represent some specific physical phenomena, such
as the nonlinear ionic dopant drift at high-level voltage signals. Laiho–Lehtonen [26,27]
and Knowm [24] models and some memristor models for tantalum-oxide memristors [5,6]
have good precision, but they contain many mathematical operations and hence, they
require significant hardware resources for their simulations. Such memristor models are
not quite appropriate for analysis and simulations of complex memristor-based electronic
circuits. For avoidance of the main drawbacks of several standard memristor models, some
modified and improved memristor models are proposed and used [28–30]. They are mainly
based on the standard Joglekar, Biolek and Lehtonen–Laiho memristor models. They are im-
proved by simplification and approximation of their main equations. For a partial decrease
in some related convergence issues, a smooth and differentiable logarithmic–sigmoidal
step-like function is applied in the modified models instead of the standard Heaviside
step function [21,27]. The memristor models that are modified can operate correctly at
low, middle and high-frequency signals. Activation voltage thresholds are applied in
many of the modified memristor models, and thus they enable their application in neural
networks, where different operating modes are needed for tuning the synaptic weights and
for utilization of the neural networks at fixed synaptic weights [27].

The main purpose of this article is to express a detailed comparison between some of
the existing modified memristor models, together with several standard models, applied in
memristor-based neural networks and logic circuits for systems with artificial intelligence.

To achieve this purpose, several related research tasks are defined and resolved. The
memristor models under analysis are applied and analyzed in a memristor-based neuron,
a neural network with memristor-based synapses, and several memristor-based logic gates
and circuits. A detailed comparison of the modified memristor models is performed,
together with the standard Joglekar, Biolek, and Knowm models, utilizing some important
criteria for comparison, such as the simulation time, the related model’s complexity, the
switching properties, and the operating frequencies [21,26]. The main advantages of the
considered memristor models that are modified, compared to the Joglekar and Biolek
models, include a higher speed of operation, excellent switching properties, good accuracy,
higher operating frequencies, and their applicability for analysis of neural networks and
logic circuits. Compared to the standard Knowm memristor model, the modified models
under analysis are more simplified, fast-operating and have lower simulation time. The
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LTSPICE code of the considered standard and the modified memristor models and circuits
is readily available for download at the following GitHub free version page: https://
github.com/mladenovvaleri/Advanced-Memristor-Modeling-in-LTSpise [21] (accessed
on 7 April 2026).

The rest of the article structure follows with Section 2 that shortly describes the memris-
tors’ operation and function, their main standard models, some existing modified models,
their tuning, according to experimental data of Knowm tungsten-sulfide memristors, and
their LTSPICE implementation. Section 3 presents a memristor-based neuron, a simple
memristor-based neural network and their analysis. In Section 4, memristor-based logic
gates and circuits are analyzed. A brief comparison is presented of the used standard
and modified memristor models in Section 5. A discussion is included in Section 6, and
Section 7 is the conclusion of the article.

2. Memristors—Structure, Operation, Modeling, Tuning and
LTSPICE Implementation
2.1. Memristor Structure and Operation

Memristors are passive, nonlinear and two-terminal electronic elements with memory
and switching properties [1]. They are mainly based on oxides and chalcogenides of
transition metals, partially doped with oxygen deficiencies [1,31]. A memristor’s resistance
M(x), also known as memristance, depends on the stored electric charges, which are
proportional to the integral of the applied voltage over time [1].

When the external electric sources are off, the memristor retains its previous state,
representing memory effects. The state variable x is one of the main important quantities
related to memristors, and it represents the accumulated charges and the corresponding
memristance. It is limited in the range between zero and one, owing to geometrical
considerations. Under an applied voltage signal, a memristor can change its memristance
within a broad range, which is related to its switching properties [26,27].

Usually, memristors can operate in soft-switching and hard-switching modes [27].
If the state variable remains within its internal bounds, the memristor operates in a soft-
switching regime. When the state variable reaches either limit, the device enters hard-
switching, in which it effectively behaves as a rectifying element [1–3].

2.2. Memristor Modeling
2.2.1. General Model for Memristors

In real memristor elements, the physical processes in the electromagnetic field are
quite complex and can be approximately described. The electric current in memristors
is related to ionic transport, which in most cases is a nonlinear phenomenon, dependent
on the applied voltage. Sometimes, the nonlinear ionic dopant drift is represented by
suitable polynomial functions in the state differential equation of memristor models. In
some cases, memristor models are based on the processes of filament formation and rupture
in the memristor nanostructures. In experimental analyses of metal–oxide and tungsten-
chalcogenide Knowm memristors, physical ionic transport is related to some extent to
thermal effects, when the physical parameters slightly change with the temperature in the
room-temperature range. The switching dynamics and properties of the memristor models
that are under analysis are linked to the corresponding operational behavior of the device
and accurate representation of experimental current–voltage characteristics.

At the same time, physics-based memristor models are quite complex and their SPICE
implementations are related to many convergence problems, which make simulations
of electronic circuits almost impossible. To solve such problems, simplified and quick-
operating memristor models have been frequently used in recent years for the analysis and
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design of memristor-based electronic circuits. They are based on physical models but are
quite simplified and approximated [21].

Usually, a general model of the memristor element can be expressed with a two-
equation system, similar to the following System (1) [27]:∣∣∣∣∣ i = v[M(x)]−1, xt=0 = x0

dx
dt = ki(v) fW(x)

(1)

where i and v are the memristor current and voltage, x0 is the initial value of the state
variable x, k is a parameter dependent on the physical properties of the used material, and
fW(x) is a window function, applied for restriction of the state variable x and for a limited
representation of some specific boundary effects [26].

In the next sub-section, some standard memristor models are considered.

2.2.2. Standard Memristor Models

One of the well-known and frequently used standard memristor models is the Joglekar
model [22]. It is provided in the following System (2) [22]:∣∣∣∣∣ i = v[RON x + ROFF(1 − x)]−1

dx
dt = ki

[
1 − (2x − 1)2p

]
, xt=0 = x0

(2)

where RON and ROFF are the limiting ON-state and OFF-state resistances of the memristor,
and p is a positive integer exponent, determining the nonlinearity of the Joglekar window
function [22,26].

Another frequently used standard memristor model is that of Biolek [23]. It is de-
scribed with (3) [23]: ∣∣∣∣∣ i = v[RON x + ROFF(1 − x)]−1

dx
dt = ki

[
1 − (x − stp(−i))2p

]
, xt=0 = x0

(3)

where “stp” is the classical Heaviside step function [23].
Biolek and Joglekar models of memristors are without activation thresholds and due

to this, they are not applicable in neural networks, where different operating modes are
required. They are applicable in memristor-based logic gates, where memristors usually
operate in a hard-switching mode.

The next standard model under consideration is the Knowm memristor model [24].
It was specially created by Nugent and Molter for modeling of self-directed channel
chalcogenide-based memristors [24,25]. It is represented by the following System (4) [24]:∣∣∣∣∣∣ i = v

(
x

RON
+ 1−x

ROFF

)
; xt=0 = x0

dx
dt = 1

τ

[
1−x

1+exp(−β(v−vON))
− x

1+exp(β(v−vOFF))

] (4)

where τ is a time constant, β is a tuning parameter of the model, and vON and vOFF are
voltage thresholds [24].

A standard memristor model with voltage thresholds [32,33].
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In [32,33], a memristor model that is voltage-controlled with voltage thresholds is
proposed. It is provided in the following System (5) [32]:∣∣∣∣∣∣∣∣∣∣

i = v[RON x + ROFF(1 − x)]−1, xt=0 = x0
dx
dt = k

io f f
i−i0

[
1 − (2x − 1)2p

]
, v > vtplus > 0

dx
dt = 0, vtminus ≤ v ≤ vtplus
dx
dt = k i

ion

[
1 − (2x − 1)2p

]
c, v < vtminus < 0

(5)

where the first equation relates to the current and voltage and is the same as in the Joglekar
model [22]. The state differential equation is divided into three sub-expressions, according
to the value of the applied voltage. If the memristor voltage v is higher than the positive
threshold vplus, then the rate of change in the state variable is expressed with the second
expression of the system. When the memristor voltage is between the activation thresholds
vminus and vplus, then the state variable remains unchanged and its derivative is zero. If the
voltage is lower than the negative voltage threshold, then the final equation is considered.
The quantities ioff, i0 and ion are tuning parameters.

This standard model [32] is applicable in implementation of synapses in neural net-
works. In the process of the usage of the neural network, the memristors are used as
synaptic weights with constant memristances, and they must operate with voltages that
are between the activation thresholds. During the phase of learning of memristor neural
networks, the synaptic weights are updated, and this is related to the change in their
memristances by pulses. In this case, the applied pulses must be of sufficient amplitude to
exceed the positive threshold vplus or lower than the negative threshold vminus.

In the next sub-section, several existing modified memristor models are presented.

2.2.3. Existing Modified and Improved Memristor Models

An existing modified and improved memristor model, abbreviated as model A11, is
presented with the following System (6) [28]:∣∣∣∣∣∣∣

i = v[RON x + ROFF(1 − x)]−1

dx
dt = k1sinh(k2v)

[
1 − (x − stp(−i))2p

]
, |v| ≥ vthr

dx
dt = 0, |v| < vthr, xt=0 = x0

(6)

where k1 and k2 are tuning parameters, and vthr is an activation voltage threshold. This
model is based on both Biolek and Laiho–Lehtonen models. It is simpler compared to
the Lehtonen–Laiho model. Introducing an activation threshold enables the memristor
model to operate in different modes [27]. If the memristor voltage magnitude is under the
activation threshold, the device acts as a linear resistor; otherwise, the state variable varies
proportionally to the time-integrated applied voltage, and the model has memory and
switching properties [27]. The first mode is related to the phase of usage of the memristor-
based neural networks, when all the synaptic weights are already adjusted and they have
constant values. The respective memristances are also with constant values. The second
one is needed in the phase of adjustment of the synaptic weights, where the memristances
and the corresponding weights are tuned by positive or negative voltage pulses.

Another existing modified and improved memristor model, denoted as Bmod, is
presented with the following System (6) [29]∣∣∣∣∣ i = v · [GON x + GOFF(1 − x)]; x(t = 0) = x0

dx
dt = k1vm sin2(πx){1 + exp[k2(|v| − vthr)]}−1 (7)
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where GON and GOFF are the ON-state and OFF-state conductances, also known as mem-
ductances, k1 and k2 are tuning parameters, and vthr is the activation threshold. In this
model, the standard Hann window function is used.

A modified memristor model D4 [30].
The modified memristor model D4 [30] is a simple model with a piecewise-linear

state–flux relation and self-restriction of the state variable. This model has no window
function. It can be expressed with the following System (8) [30]:∣∣∣∣∣∣∣∣∣∣∣

v = i[RON x + ROFF(1 − x)]

Ψ(t) =
2
c

x0 −
1
c
+

t∫
0

v(τ)dτ

x(Ψ) =
1
2

[
1
2

c
(∣∣∣∣Ψ +

1
c

∣∣∣∣− ∣∣∣∣Ψ − 1
c

∣∣∣∣)+ 1
] (8)

where Ψ is the magnetic flux linkage, expressed as a time integral of the applied voltage,
and c is a fitting parameter. In the state algebraic equation, the memristor state variable x is
directly represented by an analytical expression as a monotone-increasing and piecewise-
linear function of flux linkage [30].

The modified memristor model D4 does not include activation thresholds and due
to this, it is applied only in logic gates and circuits. Only models containing activation
thresholds are applicable in neural networks as well.

2.3. Experimental Equipment and Measurements

A schematic representation of the measurement setup, the auxiliary components, the
Knowm SDC (Self-directed channel tungsten sulfide) memristor being tested (Knowm
Inc., Santa Fe, NM, USA), and their interconnections is shown in Figure 1a. The analyzed
memristors are embedded within an integrated circuit. A digital oscilloscope XDS3204AE
(OWON Technology, Eindhoven, The Netherlands) and an experimental breadboard shown
in Figure 1b are used in the setup. One memristor from the integrated circuit is selected
for detailed measurements and analysis. The memristor voltage is generated by a sig-
nal generator XDG2060 (OWON Technology, Eindhoven, The Netherlands) presented in
Figure 1c and applied to the horizontal channel of the oscilloscope. The electric circuit of
the laboratory setup is shown in Figure 1d. A series resistor R = 10 kΩ is included to limit
the memristor current and protect the device from high-intensity electrical surges. The
voltage drop across this resistor, which is proportional to the memristor current, is fed into
the vertical channel of the oscilloscope.

This circuit enables observation and recording of the memristor’s i-v characteristics
under various sinusoidal and pulse excitations with different amplitudes and frequencies.
The resulting i-v curves are displayed on the oscilloscope screen. As is typical for Knowm
devices, the measured memristors exhibit asymmetric current–voltage characteristics.

The acquired data are stored in .csv files, which may be used directly for parameter
estimation or first converted to .xls format. These files serve as sources of voltage and
current waveforms during the estimation procedures performed in MATLAB, which is
described in the following sub-section. The first .xls file contains two columns: the time
vector—sampled with a 100 ps step corresponding to the 10 GHz sampling frequency
(denoted as tout in Simulink)—and the sampled voltage signal applied to the Simulink
memristor model. The second file has the same structure, with its second column containing
the experimentally measured memristor current, denoted as imes.
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Figure 1. (a) Laboratory scheme for obtaining of the current–voltage characteristics of self-directed
channel Knowm memristors. (b) A digital scope. (c) A signal generator. (d) An electric scheme of the
used laboratory equipment, including a resistor R = 10 kΩ for restriction of the memristor current,
and a 4–channel digital oscilloscope with a maximum operating frequency of 100 MHz, a sampling
frequency of 1 GHz, a time resolution of 1 ns and a voltage resolution of 2 mV/div in sinusoidal
mode with an operating frequency of 10 kHz.

2.4. Tuning Memristor Models in MATLAB-Simulink [34]

For memristor model tuning, the experimental i-v relations of self-directed channel
Knowm manufactured memristors are used. The adjustment is conducted in a MATLAB-
Simulink simulator [34]. Parameter extraction is based on variation in the values of mem-
ristor model parameters and a gradient descending algorithm, till the optimal values of
the tuning parameters are obtained and the Root Mean Square Error (RMSE) between the
experimental and the simulated current–voltage relations is minimized.

A pseudo-code of the tuning process is presented below.

1. Measuring and recording of input data—voltage and current of the Knowm memris-
tors under analysis;

2. Generation and utilization of a Simulink memristor model, containing measured
current data for comparison with the simulated data;

3. Simulation and changing the parameters of the model, till the minimum of the error
between the experimental and the simulated currents is obtained, or till the previously
defined number of iterations is finished. The error is also known as the cost function.

2.4.1. Tuning the Standard Knowm Memristor Model [24,34]

The results from tuning the standard Knowm memristor models are presented in
Figure 2. The parameter trajectories during the extraction procedure are presented in
Figure 2a. The resulting time waveforms of the memristor voltage, the state variable,
and the experimental and simulated currents are shown in Figure 2b. In Figure 2c, the
corresponding experimental and simulated current–voltage characteristics are presented
and compared, along with the extracted optimal model parameter values.
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Figure 2. (a) Parameter trajectories during the adjustment of the standard self-directed channel
Knowm memristor model. (b) Time-domain diagrams of the voltage, state variable, and both
measured and simulated memristor currents. (c) The experimental and modeled i-v responses.

2.4.2. Tuning the Modified Memristor Model A11 [28]

The results derived from adjustment of the modified memristor model A11 [28] are
presented in Figure 3. The curves of parameter trajectories obtained during the estimation
procedure are shown in Figure 3a. Figure 3b presents the time-resolved waveforms of
the applied voltage, the memristor state variable, and both the simulated and measured
currents. Figure 3c displays and compares the experimental and simulated current–voltage
characteristics, together with the optimally identified model parameter values.

Figure 3. (a) Parameter trajectories during adjustment of the modified memristor model A11, using
experimental i-v relations of Knowm memristors. (b) Time-domain diagrams of the memristor
voltage, state variable, and the experimental and simulated currents. (c) The experimental and
simulated current–voltage characteristics of the memristors under study.

The other memristor models considered in this study are tuned using the same proce-
dure. The identified model parameters are subsequently incorporated into their respective
LTSPICE memristor implementations. The next sub-section details the LTSPICE implemen-
tation and analysis of the previously discussed models.
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2.5. LTSPICE Implementation and Analysis of Memristor Models

Based on the previously described mathematical representations of the standard
and modified memristor models, the respective LTSPICE library models are constructed.
Figure 4 illustrates the equivalent schematic of a general memristor model.

Figure 4. LTSPICE implementation of a memristor model.

The model is based on two voltage-controlled current sources and an integrating
capacitor [21,27]. A dependent current source, denoted as G2, is connected to the integrating
capacitor C1. This source generates a current, which is proportional to the time derivative
of the memristor state variable, according to the respective state differential equation of
the memristor model. This current is integrated by the capacitor C1, whose voltage V(Y) is
then proportional to the memristor state variable. Usually, an additional high-ohm resistor
R1 is used. It is attached in parallel to the integrating capacitor C1, for partial avoidance
of convergence issues. One of the electrodes of the capacitor is grounded and the other
terminal is related to the voltage, proportional to the memristor state variable. It is used by
a second voltage-controlled current source, which represents the current memristor current.
It is related to the ON-state and OFF-state resistances of the memristor and its state variable.
The second current source is connected in parallel to the memristor terminals. According
to the described structure, every memristor model could be expressed by a code. As an
example, the LTSPICE code of Joglekar memristor model is presented below.

1. subckt K2 te be Y
2. params ron = 220 roff = 41 × 103 k = 2.1 × 104 pp = 5 x0 = 0.1
3. Cint Y 0 {1}
4. IC V(Y) = x0
5. Rad Y 0 10G
6. Gy 0 Y value = {(k × V(te,be) × (1/(ron × (V(Y)) + roff × (1 − V(Y)))) × (1− pow

((2 × (V(Y)) − 1),(2 × pp))))}
7. G1 te be value = {V(te,be) × ((1/(ron × (V(Y)) + roff × (1 − V(Y)))))}
8. ends K2

The above-discussed code could be used for the generation of a memristor circuit
element [21]. The LTSPICE code can easily be changed and might be used in other similar
SPICE simulators.

The memristor models under analysis are analyzed in sinusoidal and pulse modes for
their comparison, in both MATLAB and LTSPICE. Figure 5 presents the process of tuning
the memristor models with positive voltage pulses. The impulses have an amplitude of
0.3 V, a frequency of 500 Hz and a duty cycle of 50%. The time diagram of the pulse sequence
is presented in Figure 5a. The corresponding change in the memristance, according to the
models under analysis—K2, K3, A11 and D4—is visualized in Figure 5b. The change in
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memristance during the pulses is almost linear. Model D4 ensures that the memristance is
tuned in a broad range. The difference in the time diagrams is related to the use of different
window functions. During the pauses, the memristance does not change, which confirms
the memory properties of the models.

Figure 5. Tuning the memristance of the standard models K2 and K3, and the modified models A11

and D4. (a) Time diagram of the applied voltage; (b) time diagram of the respective memristances.

In the following section, a memristor-based neural network and its analysis
are presented.

3. A Memristor-Based Neuron, a Neural Network and Their Analysis
3.1. Memristor-Based Artificial Neurons [12,35]

A block diagram of a simple memristor-based neuron [12,35] is given in Figure 6.

Figure 6. A block schematic of the memristor-based artificial neuron under analysis.

The input signals are denoted as x1, x2, x3, x4 and x5. The considered neural network
has five inputs and five synaptic weights. The weights are defined as w1, w2, w3, w4

and w5. An additional synapse denoted as b1 is used for the bias signal. The synapses
are based on memristors and operational amplifiers. The adder is based on operational

https://doi.org/10.3390/electronics15122713
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amplifiers and reference memristors with a memristance of 10 kΩ. The output signal of the
adder is directed to a memristor-based transfer function. It is based on MOS transistors
and memristors.

Figure 7 presents in detail the principal schematic of the synaptic bonds and the
summator of a memristor-based neuron. The circuit ensures implementation of separate
positive and negative synaptic weights. In the provided example the negative synaptic
weights are implemented by the memristors M1, M2 and M3. The memristors M4 and
M5 are related to positive synaptic weights. The memristor M6 ensures biasing of the
weighted sum of the input signals. The memristors M7, M8 and M9 are reference elements
with a resistance of 10 kΩ. The memristor M8 is used as a feedback element as well. The
memristors are selected using the crossbar on the left. The output signal y_in is a weighted
sum of the inputs and can be expressed as follows—Formula (9) [35]:

y_in = vout_OA1 = −M7

M1
x1 −

M7

M2
x2 −

M7

M3
x3 −

M7

M8

(
−M9

M4
x4 −

M9

M5
x5 −

M9

M6
xb

)
(9)

Figure 7. An illustrative diagram of the memristor synaptic elements under study and the corre-
sponding adder structure.

After a little algebraic transformation of (9), Formula (10) is obtained:

y_in = vout_OA1 = −M7

M1
x1 −

M7

M2
x2 −

M7

M3
x3 +

M7

M4
x4 +

M7

M5
x5 +

M7

M6
x6 (10)

where the coefficients near the signals x1–xb are the respective synaptic weights—Formula (11):

w1 = −M7

M1
; w2 = −M7

M2
; w3 = −M7

M3
; w4 =

M7

M4
; w5 =

M7

M5
; b =

M7

M6
(11)

Noticeably, the synaptic weights w1, w2, and w3 are negative ones, and the weights
w4, w5 and w6 are positive ones [35].

During the phase of usage of the neuron, the memristors operate as linear resistors.
For this purpose, their voltage must be lower than the activation threshold vthr. In the
procedure of tuning the synaptic weights, a sequence of positive or negative voltage pulses
is used to change the memristance of the respective memristors [32,35–38].
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In the next sub-section, analytical determination of the needed impulse length at a
given amplitude is presented for both the modified memristor models Bmod and A11.

3.2. Analytical Determination of the Pulse Duration and a Comparison with Simulation Results for
Both the Modified Memristor Models Bmod and A11

For the modified memristor model Bmod, for applied voltage, whose absolute value ex-
ceeds the memristor activation threshold vthr, the state differential equation from System (7)
is transformed in a simpler form—Equation (12) [29]:

dx
dt

= k1vm sin2(πx) (12)

After a separation of the state variable x and the time variable t, the following formula
is derived and integrated in limits, where x is changed between x1 and x2, and the time
variable from t1 to t2—Formula (13):

dx
sin2(πx)

= k1vmdt ⇒
x2∫

x1

1
sin2(πx)

dx = k1vm
t2∫

t1

dt = k1vmTimp (13)

where the duration of the tuning pulse could be obtained in the following form—Formula (14):

TimpBmod
=

− cot g(πx2)
π + cot g(πx1)

π

k1vm (14)

For additional confirmation of the correctness of the obtained length of the pulse, a
simulation in LTSPICE simulator is conducted, for m = 3, k1 = 10,000, v = 0.6 V, x1 = 0.1 and
x2 = 0.916. The time diagrams of the memristor voltage and the state variable are presented
in Figure 8. The length of the pulse is:

TimpBmod
=

− cot g(πx2)
π + cot g(πx1)

π

k1vm =
− cot g(π·0.916)

π + cot g(π·0.1)
π

10000 · 0.63 = 0.999 ms

Figure 8. Time diagram of the memristor pulse voltage and the related change in the memristor state
variable, confirming the proper tuning of model Bmod, according to Formula (14).

The obtained value of the needed pulse duration at a level of 0.6 V is very near to that
in LTSPICE—1 ms—and confirm the correctness of the results.

For the next modified memristor model A11, the state differential equation from System (6)
is represented with Equation (15) [28]:

dx
dt

= k1sinh(k2v)
[
1 − (x − stp(−i))2p

]
(15)

https://doi.org/10.3390/electronics15122713

https://doi.org/10.3390/electronics15122713


Electronics 2026, 15, 2713 13 of 27

For positive voltage and current, and for p = 1, the following expression is valid:

i > 0 ⇒ −i < 0 ⇒ stp(−i) = 0 (16)

In this case, the state-variable differential equation defining the memristor model A11

could be simplified and represented in the following way:

dx
dt

= k1sinh(k2v)
(

1 − x2
)

(17)

This follows a separation of the state variable x and the time variable t, and an
integration process, using the limits of the state variable—x1 and x2—and the time limits
from t1 to t2:

x2∫
x1

1
1 − x2 dx = k1sinh(k2v)

t2∫
t1

dt = k1sinh(k2v)Timp (18)

After analytical integration of this equation, the following expression for the needed
pulse duration is obtained—Formula (19):

TimpA11 =
1
2

1
k1sinh(k2v)

ln
[
(x2 + 1)(1 − x1)

(1 − x2)(x1 + 1)

]
(19)

The numerical value of the pulse duration is:

TimpA11 =
1
2

1
568.8sinh(1.966 · 0.6)

ln
[
(0.916 + 1)(1 − 0.1)
(1 − 0.916)(0.1 + 1)

]
= 0.9991ms

For extra approval of the precision of the derived length of the impulse, LTSPICE
simulation is conducted, for k1 = 568.8, k2 = 1.966, p = 1, v = 0.6 V, x1 = 0.1 and x2 = 0.916. The
length of the pulse and the tuning process are presented in the time diagram in Figure 9.

Figure 9. Time diagram of the memristor pulse voltage and the change in the state variable, confirming
the proper tuning of memristor model A11, according to Formula (19).

The derived value of the impulse duration at a voltage level of 0.6 V is very close to
that in the LTSPICE simulator and confirm the accuracy of the obtained results.

3.3. Memristor-Based Transfer Function with MOS Transistors [35]

Memristor-based transfer functions are important modules in many kinds of
artificial neural networks [39,40]. The hardware implementation of the modified
logarithmic–sigmoidal transfer function under analysis is shown in Figure 10 for visu-
alization and for further discussion. The activation function is realized using two MOS
transistors, denoted as T1 and T2, connected in anti-parallel, a memristor element M, and a
DC voltage source [35]. The MOS transistors are n-type devices selected from the standard
LTSPICE library. Each transistor is configured as a diode by directly shorting its gate
and source terminals. Their anti-parallel connection produces a nonlinear and symmetric
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activation characteristic. The memristor M is placed in series with the transistors, and the
voltage drop across it corresponds to the difference between the input and output signals.
The DC voltage source V1 provides a shift of the output voltage level [35]. The resulting
input–output relationship closely resembles a logarithmic–sigmoidal transfer function
of the form: y = 1/(1 + exp(−k × y_in). Additional voltage divider implemented with
the resistors R1 and R2 is used for ensuring a signal lower than the memristor activation
threshold for the neurons after the transfer function. The output operational amplifier is a
voltage repeater and acts as a buffer stage.

Figure 10. A principal schematic of the memristor-based transfer function under analysis.

The LTSPICE implementation of the discussed memristor-based transfer function is
presented in Figure 11a. To obtain the optimal value of the parameter k, several simulations
and comparisons are made, using the controlled voltage source B1. Its voltage presents
a modified logarithmic–sigmoidal activation function, presented in Figure 11b. It is es-
tablished that for k = 5 and memristance m0 = 200 Ohms, the best closeness between the
discussed transfer functions is obtained. The derived expression for the voltage of the
controlled voltage source B1 is: vout = 1/(1 + exp(−5 × vin)).

Figure 11. (a) A modified tangent–sigmoidal transfer function implemented in LTSPICE simulator,
based on memristors and MOS transistors; (b) a comparison of the obtained activation function,
presented by a voltage-controlled source with a voltage signal vout = 1/(1 + exp(−5 × vin)).

3.4. A Memristor-Based Neural Network

In recent years, memristor-based artificial neural networks have been under intensive
analyses [41–43]. A block scheme of the considered memristor-based neural net under
investigation is shown in Figure 12 for its visualization and for further discussion on its
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structure and specific operation. It contains five input nodes for the input signals x1, x2,
x3, x4 and x5. The neural net’s hidden layer has four memristor-based neurons—N1, N2,
N3 and N4. The bias signals are expressed as b1, b2, b3 and b4. The synaptic weights are
presented by wij, where i = 1–4 is the number of the corresponding artificial neurons, and
j is the number of the input voltage signal. The adders are applied to sum the weighted
input voltage signals. The outputs of the adders are expressed as s1, s2, s3 and s4. They are
directed to the logarithmic–sigmoidal transfer functions tf 1, tf 2, tf 3 and tf 4. The signals
tf 1, tf 2, tf 3 and tf 4 are directed to the output layer of the memristor neural net, which has
two neurons—Nout1 and Nout2. The weights of the synapses are denoted by vkp, where k is
the number of the output neuron, and p is the number of the corresponding input signal
for the neuron. The biasing signals directed to the adders are represented as bout1 and
bout2. The output signals of the adders are denoted as s1out and s2out. The corresponding
activation functions tfout1 and tfout2 are of type “purelin” [35]. They are implemented with
buffering operational amplifiers. The output voltage signals of the memristor neural net
are expressed as y1 and y2.

Figure 12. A structural diagram of the considered memristor-based neural network with five inputs,
a hidden layer of four neurons, and an output layer of two neurons.

The operation of the discussed neural network that is memristor-based is founded
on its training in a MATLAB simulator, using a feed-forward and error backpropagation
algorithm to tune the weights of the synapses [11]. The derived values of the synaptic
weights are utilized for adjustment of the memristances and for implementation of the
neural net in the LTSPICE simulator. The input voltage signals are sequences of rectangular
impulses. The duration of an impulse is 800 µs. The corresponding duty cycle of the pulse
sequence is 50%.
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The levels of the input voltage signals and the bias signal are presented in Table 1 for
four different cases. The bias signal is chosen with a level of 100 mV, and it does not go
beyond the memristor activation threshold vthr.

Table 1. Input and bias signals for the considered memristor neural network, implemented in
LTSPICE simulator.

Case Input Signals, mV Bias Signal, mV

vin1 vin2 vin3 vin4 vin5 vbias

1 −10 −30 −20 10 20 100
2 10 −20 −10 20 10 100
3 −30 −10 −20 30 20 100
4 30 −40 20 −10 30 100

Table 2 presents the weights of the memristive synapses of the hidden layer of the
memristor-based neural network. The rows are related to the neurons, and the columns
represent the respective synapses and their weights.

Table 2. Weights for the synapses in the hidden layer of the memristor neural net in LTSPICE.

Synaptic Weights for the Hidden Layer of the Neural Network

Neuron w1 w2 w3 w4 w5 wbias

N1 −0.25 −0.2 −0.5 1 0.25 0.2

N2 −1 −0.5 −2 0.5 1 0.25

N3 −0.5 −0.25 −1 1 2 0.25

N4 −0.2 −1 −2 0.25 0.5 1

Table 3 presents the resistances of the memristors, which are responsible for realization
of the synaptic weights.

Table 3. Memristances related to the synapses in the neural network’s hidden layer in LTSPICE.

Input Memristances, kΩ

Neuron M1 M2 M3 M4 M5 Mbias

N1 40 50 20 10 40 50

N2 10 20 5 20 10 40

N3 20 40 10 10 5 40

N4 50 10 5 40 20 10

The weights of the synapses between the hidden layer and the output layer are
presented in Table 4.

Table 4. Synaptic weights for the output layer of the memristive neural net.

Synaptic Weights for the Output Layer of the Memristive Neural Net

Neuron w1out w2out w3out w4out wbiasout

N1out −1 −0.2 1 0.25 1

N2out −0.5 −1 2 0.5 0.2

The memristances of the corresponding memristors that ensure the synaptic bonds
between the hidden and output layers are presented in Table 5.
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Table 5. Memristances for the synapses for the output layer of the memristor neural net in LTSPICE.

Memristances for the Synapses for the Output Layer of the Memristor
Neural Net, in kΩ

Neuron M1out M2out M3out M4out Mbiasout

N1out 10 50 10 40 10

N2out 20 10 5 20 50

A Simulink schematic of the considered memristor-based neural network is presented
in Figure 13. It corresponds to the neural network presented in Figure 12. The Simulink
model of the neural network is proposed and analyzed for additional confirmation of the
proper operation of the considered memristor-based neural network. The input signals are
implemented with source modules, related to Microsoft Excel worksheets, containing the
time and voltage variables for the inputs. The synapses are represented with standard gain
elements. The adders are realized with the standard building blocks “sum” in Simulink
environment. The corresponding transfer function is implemented, using a modified
logarithmic–sigmoidal MATLAB function.

Figure 13. Simulink scheme of the considered memristor-based neural network.

The time-domain diagrams of the input signals, according to Table 1, are presented in
Figure 14. The maximal simulation time is 5600 µs. The time step is 10 ns.
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Figure 14. Time diagrams of the input signals of the considered memristor-based neural network.

The time diagrams of the signals after the adders—s1, s2, s3, s4—and the signals after
the transfer functions—tf 1, tf 2, tf 3, tf 4—are presented in Figure 15.

Figure 15. Time diagrams of the signals after the adders—s1, s2, s3, s4—and after the transfer
functions—tf 1, tf 2, tf 3, tf 4.

The output signals after the adders—SumOut1, SumOut2—and after the output transfer
functions—Y1, Y2—are visualized in Figure 16.

In Table 6, a comparison is proposed between the results derived for Case 1 in MAT-
LAB, Simulink and LTSPICE simulators. A good similarity between the derived results is
obtained. The maximal discrepancy between the output signals corresponds to a relative
error of about 3%, which is an acceptable one for the analyses considered. The results
related to the other three cases of signal levels are presented for comparison and further
comments in Tables 7–9, described in Table 1, respectively.
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Figure 16. Time diagrams of the output signals of the memristor neural network: after the output
adders—SumOut1, SumOut2—and after the output transfer functions Y1, Y2.

Table 6. A comparison between the results, obtained after analyses of the memristor neural net for
Case 1.

Signals S1 S2 S3 S4 tf1 tf2 tf3 tf4 Y1 Y2

Unit V V V V V V V V V V

Simulink 0.2335 0.3400 0.3325 1.0845 0.7627 0.8455 0.8406 0.9956 1.1577 1.1521

LTSPICE 0.2335 0.3400 0.3325 1.0845 0.7645 0.8471 0.8402 0.9941 1.1571 1.1532

MATLAB 0.2335 0.3400 0.3325 1.0845 0.7627 0.8455 0.8406 0.9956 1.1577 1.1521

Table 7. A Comparison of the results, derived after the analyses of the memristor neural net for
Case 2.

Signals S1 S2 S3 S4 tf1 tf2 tf3 tf4 Y1 Y2

Unit V V V V V V V V V V

Simulink 0.2290 0.2900 0.3000 1.0480 0.7586 0.810 0.8176 0.9947 1.1457 1.1432

LTSPICE 0.2290 0.2901 0.3000 1.0480 0.7602 0.8118 0.8171 0.9940 1.1455 1.1435

MATLAB 0.2290 0.2900 0.3000 1.0480 0.7586 0.810 0.8176 0.9947 1.1457 1.1432

Table 8. A comparison between the results, obtained after analyses of the memristor neural net for
Case 3.

Signals S1 S2 S3 S4 tf1 tf2 tf3 tf4 Y1 Y2

Unit V V V V V V V V V V

Simulink 0.2545 0.3600 0.3575 1.0735 0.7812 0.8581 0.8566 0.9954 1.1527 1.1622

LTSPICE 0.2545 0.3600 0.3575 1.0735 0.7815 0.8592 60.8578 0.9951 1.1521 1.1626

MATLAB 0.2545 0.3600 0.3576 1.0735 0.7812 0.8581 0.8566 0.9954 1.1527 1.1622
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Table 9. A comparison of the results, obtained after the analyses of the memristor neural net for
Case 4.

Signals S1 S2 S3 S4 tf1 tf2 tf3 tf4 Y1 Y2

Unit V V V V V V V V V V

Simulink 0.1880 0.2250 0.2750 1.0065 0.7191 0.7549 0.7982 0.9935 1.1765 1.1787

LTSPICE 0.1880 0.2250 0.2750 1.0065 0.7203 0.7558 0.7977 0.9939 1.1772 1.1783

MATLAB 0.1880 0.2250 0.2750 1.0065 0.7191 0.7549 0.7982 0.9935 1.1765 1.1787

In the next section, several memristor-based logic gates and circuits are discussed and
analyzed, using the standard and modified models under analysis.

4. Memristor-Based Logic Gates and Circuits
Memristor-based logic gates and circuits are significant modules of more complex

logic devices and digital schemes for computing [44–47]. In the next sub-section, some
simple memristor-based logic gates will be considered, based on the commented above
standard and modified memristor models.

4.1. Memristor-Based Logic Gate OR

A memristor-based logic gate OR is presented in Figure 17a. It contains two voltage
sources—V1 and V2. They generate sequences of rectangular voltage pulses with a maximal
level of 1 V and a minimal level of zero, corresponding to the logical levels of one and
zero. The input signals are denoted as in1 and in2. An additional resistor R1 with a high
resistance is used and connected to the output. The output signal is denoted as outD4.
Memristors are modeled with the standard models of Joglekar (K2), Biolek (K3), Knowm,
and the modified model D4.

Figure 17. (a) A schematic of a two-input memristor-based “OR” gate in LTSPICE simulator.
(b) Time diagrams of the input and output signals for the considered OR gate, according to the
applied memristor models under analysis—Joglekar (K2), Biolek (K3), Knowm and D4.

The time diagrams of the input signals are presented in Figure 17b. In the same sub-
figure, the time diagrams of the output signal according to the applied memristor models
are shown. In this case, the considered memristor models operate in a hard-switching
mode. The switching properties are important for the quick change in the memristance at
the applied voltage pulses. In this sense, the Knowm model and D4 model are preferable,
compared to Joglekar and Biolek memristor models. For analysis and simulations of large
memristor-based circuits and devices, simple and fast-operating memristor models are
needed. In this case, the modified model D4 could be utilized for analysis of such electronic
circuits. The standard Knowm model has better accuracy, when fitting experimental i-v
relationships of Knowm self-directed channel memristors, but it has higher complexity than
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model D4, due to the use of many mathematical operations, and it is not very appropriate
for analysis of complex circuits.

4.2. Memristor-Based Logic Gate AND

A schematic of a memristor-based logic gate AND is presented in Figure 18a. It has
two inputs, denoted by in1 and in2. An additional DC voltage source V2 is applied. To
obtain a logical one at the output, both the memristors must be in the OFF-state, and this
mode corresponds to applied logical ones to the inputs. In the other three cases, when
at least one of the input signals is zero, one of the memristors is in the ON-state and the
output voltage is near zero. In this logic circuit, the memristors operate in a hard-switching
mode. In Figure 18b, the time diagrams of the input and output signals are presented for
their visualization and comparison. In this case, the memristor models under analysis have
similar behavior.

Figure 18. (a) A schematic of a two-input memristor-based “AND” gate in LTSPICE environment.
(b) Time-domain diagrams of the input and output signals of the AND gate.

4.3. Memristor-Based Logic Gate XOR [32,33]

In Figure 19, a schematic of a memristor-based XOR circuit is presented. It contains
two input signals, generated by the voltage sources V1 and V2, two invertors, implemented
by the elements A1 and A2, two dependent voltage sources B1 and B2, four memristors
and two N-channel MOS transistors. The two MOS transistors M1 and M2 create a dif-
ferential amplifier [32,33]. The voltage source V3 is used for a DC power supply of the
MOS transistors.

Figure 19. A schematic of XOR logic gate with memristors and MOS transistors in LTSPICE.

The time diagrams of the input and the output signals are presented in Figure 20.
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Figure 20. Time diagrams of the signals for the XOR gate: (a) input signal 1; (b) input signal 2;
(c) output signals, according to the used memristor models K3, Knowm, A11 and D4.

The input signals for the XOR memristor logic gate are presented in Figure 20a,b. The
corresponding output signal is presented in Figure 20c.

In this case, the memristors operate in a hard-switching mode. The memristor models
under analysis are with similar behavior in the considered case.

4.4. Memristor-Based Full Adder

Figure 21 presents a schematic of a memristor-based full adder [32]. It contains
six memristors, three voltage sources, and three MOS transistors. In Figure 22 the time
diagrams of the corresponding signals are presented.

Figure 21. A schematic of a memristor-based adder with MOS transistors.
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Figure 22. Time diagrams of the signals for the memristor-based adder; (a) the input signal V(a);
(b) the input signal V(b); (c) the input signal V(c); (d) the output signal V(sk2).

Figure 22a presents the voltage signal, denoted by “a”. Figure 22b,c present the time
diagrams of the signals “b” and “c”. The output signal “s” is presented in Figure 22d. Here,
the memristor models applied in the circuit have similar behavior. The memristors operate
in a hard-switching mode.

5. A Comparison of the Applied Memristor Models
A comparison of the considered modified and standard memristor models is con-

ducted, according to several important criteria—complexity, accuracy, switching features,
simulation time and operating frequency [21,26]. The results are presented in Table 10,
highlighting the main advantages of the modified models Bmod, A11 and D4, compared to
the considered standard models of Joglekar, Biolek and Knowm. The modified memristor
models and the proposed one have lower complexity, high operating frequencies, good
accuracy and switching properties, and they are more appropriate for analysis of complex
memristor-based electronic devices and circuits.

Table 10. A short comparison of the considered standard memristor models—Joglekar, Biolek,
Knowm—and the applied modified models D4 [30], A11 [28] and Bmod [29].

Memristor
Model Joglekar [22] Biolek [23] Knowm [24] D4 [30] A11 [28] Bmod [29]

Switching
properties middle satisfactory good good good Good

Frequency low middle high high high high
RMS error 2.68 × 10−5 2.56 × 10−5 1.31 × 10−5 2.72 × 10−5 2.15 × 10−5 1.44 × 10−5

Complexity low middle high low low low
Simulation
time, ms 262.3 291.4 337.9 149.3 304.1 297.3

https://doi.org/10.3390/electronics15122713

https://doi.org/10.3390/electronics15122713


Electronics 2026, 15, 2713 24 of 27

The analyses and simulations were conducted on a computer with AMD Ryzen 3 Pro,
2.1 GHz, 16 GB RAM and MS Win 64-bit OS. MATLAB ver. 2016a and LTSPICE ver. XVII
were used as specialized software products.

The results from the comparison of the memristor models are presented in Table 10.
After a comparison of the main properties and advantages of the modified memristor
models, it could be concluded that the modified models A11, Bmod and D4 have lower sim-
ulation time, lower complexity, good switching properties and high operating frequencies.
The presence of activation thresholds in the modified memristor models A11 and Bmod is
very important for application in neural networks and logic gates for artificial intelligence,
where the memristors must be able to operate as linear resistors and as switching elements.
In this sense, some of the standard memristor models without activation thresholds are not
suitable in such cases.

6. Discussion
After comparing the simulation results of the memristor-based neural network imple-

mented in LTSPICE, MATLAB, and Simulink, an excellent agreement is observed among the
signals following the adders, the transfer functions, and the final outputs. The maximum
deviation between the output signal levels is below 3%. The network synapses are realized
using single memristors together with operational amplifiers configured for summation
through their inverting inputs, enabling the implementation of both positive and negative
weights. The logarithmic–sigmoidal transfer function employed in the study is constructed
using a metal–oxide memristor in combination with two anti-parallel MOS transistors. The
analyses demonstrate a strong correspondence between all obtained results, confirming the
accurate operation of the proposed memristor-based neural network.

7. Conclusions
The presented modified and standard memristor models are applied in neural net-

works and logic circuits for their analysis using MATLAB and LTSPICE simulators. The
performance of the modified models Bmod, A11 and D4 is evaluated by comparing them
to Joglekar, Biolek, and Knowm standard memristor models. Several significant criteria
are taken into account, such as the operating frequency, switching properties, complexity,
accuracy and simulation time. The modified memristor models, together with the Knowm
model, show better switching properties compared to the classical memristor models,
making them more suitable for application in various complex circuits, owing to their
simplified equations and a comparatively good accuracy. Most of the modified memristor
models have slightly lower accuracy compared to physics-based memristor models, but
they are quite simpler and faster and they are suitable for simulations and analysis of real
memristor-based devices and circuits. The present work is a step forward in the field of
modeling and analysis of memristor-based neural nets, logic gates and circuits for electronic
systems with artificial intelligence.
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