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Menmristive technology has been widely explored, due to its distinctive properties, such as nonvolatility, high density,
versatility, and CMOS compatibility. For memristive devices, a general compact model is highly favorable for the real-
ization of its circuits and applications. In this paper, we propose a novel memristive model of TiO,-based devices, which
considers the negative differential resistance (NDR) behavior. This model is physics-oriented and passes Linn’s criteria. It
not only exhibits sufficient accuracy (IV characteristics within 1.5% RMS), lower latency (below half the VTEAM model),
and preferable generality compared to previous models, but also yields more precise predictions of long-term potentia-
tion/depression (LTP/LTD). Finally, novel methods based on memristive models are proposed for gray sketching and edge
detection applications. These methods avoid complex nonlinear functions required by their original counterparts. When the
proposed model is utilized in these methods, they achieve increased contrast ratio and accuracy (for gray sketching and edge
detection, respectively) compared to the Simmons model. Our results suggest a memristor-based network is a promising

candidate to tackle the existing inefficiencies in traditional image processing methods.
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1. Introduction

With the coming era of the big-data, the size of produced
and stored data in 2020 is expected to approach 44000 ex-
abytes (= 10'® bytes),[!! among which image data will account
for a major portion.[?! Since image processing is both compu-
tationally and data demanding, the challenge to enhance its
efficiency becomes a paramount concern of this field."!

The memristor, which was first fabricated in Hewlett
Packard (HP) Labs in 2008, has the potential to break the
efficiency bottleneck of image processing applications. It is a
two-terminal passive device that has several distinctive proper-
ties, such as scalability, nonvolatility, and high density, which
make it a promising candidate for future memory.!>%! Its ca-
pability not only to function in the analog space with neural
networks, but also to act as a form of binary storage in tradi-
tional computation means it has significant potential to tackle
many future computing problems. !’

The availability of highly accurate, general and predictive
memristive models is crucial for investigation of nonlinear dy-

0.1 Memristive models,

namics of memristor-based circuits.
usually represented by differential equations that are directly
available for circuit simulations, define specific methods to

compute the responses to a given stimulus. To date, several
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models have been reported.[!>~18] Tt is necessary to compare,
evaluate, and classify them in advance in order to quickly se-
lect an appropriate model for a specific application. Recently,
Linn et al."! reported three experiment-based criteria that can
be used to evaluate the quality of two classes of models. The
first class of models are linear ion drift models, which build
upon Strukov’s initial memristive model*?°! with different
window functions, but have limited predictability due to the
nonlinear traits of the switching kinetics.!'”] The second class
are physics-oriented models, represented by the Simmons,[!3]
Chang’s,>! and Yang’s!!7>!1 models, which successfully pass
Linn’s criteria. From the perspective of a circuit designer, a
model should be efficient enough to reflect various proper-
ties of devices with a few simple functions. However, exist-
ing models are a trade-off between complexity and accuracy.
The Simmons model is accurate, but too complex for circuit
design. Chang’s and Yang’s models are computationally ef-
ficient, but not accurate enough. Another deficiency of these
models is their neglect of some physical phenomena, such as
negative differential resistance (NDR),*?! long-term potentia-
tion (LTP), and long-term depression (LTD) behaviors.

In this paper, an experiment-based memristive model that
is accurate and computationally efficient for circuit design is
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proposed, which passes Linn’s criteria and can also describe
the NDR and LTP/LTD behaviors. As compared to the mem-
ristive models previously reported, it achieves lower latency
(below half the VTEAM!'6! model) and preferable generality
without sacrificing accuracy. On the basis of memristive mod-
els, we propose novel methods for gray sketching and edge
detection operations, which can greatly enhance the efficiency
by avoiding the time-consuming calculations of complex non-
linear functions. The proposed model is verified to surpass
the Simmons model for the aforementioned image processing
applications, and our results suggest that a memristor based
network may provide a new solution to tackle the efficiency
problem of image processing.

The rest of the paper is organized as follows. Section 2
gives a brief introduction of fabrication procedure and char-
acterizations of TiO,-based memristive device. In Section 3,
a general memristive model is proposed and evaluated with
strict evaluation criteria, and a comparison of accuracy and
complexity is provided between the proposed model and pre-
viously published memristive models. Moreover, the proposed
model is fitted to experimental data of memristive devices and
the previous memristive models to show its generality. In Sec-
tion 4, the predictability of the LTP/LTD behavior is com-
pared among the memristive models, and applications of gray
sketching and edge detection are implemented based on these
models. Finally, we summarize this work in Section 5.

2. TiO,-based memristive devices

TiO,-based memristors are prototypical for valence

23

change mechanism (VCM) devices I whose resistive switch-

ing behavior is attributed to the formation and dissolution
of oxygen-deficient filaments in transition metal oxides.>*l
To examine this behavior first hand, an Au/Ti/TiO,/Au
memristor-based crossbar array (16 x 16) was fabricated. >
Figure 1 shows the -V characteristics of our devices with 50
hysteresis loops. These 50 hysteresis loops are nearly over-
lapped, demonstrating the repeatability of the device. For each
loop, the NDR behavior appears during the RESET process.
The upper inset is a schematic diagram of the devices, from
bottom to top, including an Au bottom electrode (BE), a TiO,
thin film layer, a Ti thin film layer, and an Au top electrode
(TE). The lower inset is the input voltage applied to the TE,
with the selected BE grounded and the other unselected elec-
trodes floated. To avoid sneak-path current leakage, any mem-
ristive devices investigated simultaneously in the 16 x 16 array
should not constitute a rectangle.>>2%! The input signal was a
triangular voltage sweep of amplitude —2 V/2 V. During the
SET process, a 1-mA current compliance was added, whereas
there was no current restriction during the RESET process.
Detailed device fabrication methods and experimental

tests were presented in our previous work.[?>%7]
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Fig. 1. (color online) Reversible and nonvolatile switching of

Au/Ti/TiOy/Au devices. The upper inset shows a schematic diagram of
the crossbar devices with an Au bottom electrode (BE, 25 nm), a TiO,
thin film (40 nm), an adhesion Ti layer (5 nm) and an Au top electrode
(TE, 35 nm). The red curves represent 50 experimental switching loops,
which show a high level of repeatability. For each interval, the device stays
in low resistance state (LRS) at (1) initially and switches to high resistance
state(HRS) at (2). Then, it switches back to LRS at (3) and then finally
returns to the initial LRS at (4). It is obvious that before the end of (1),
the curve shows the negative differential resistance (NDR) behavior.

3. Memristive models

Generally, a voltage-controlled memristive system!2%2°]

is represented by

X=fxv), ey
I=G(X,V), @

where X is an internal state variable, V is the voltage, [ is the
current, and G(X,V) is the memconductance. From Eq. (2),
it can be observed that the memconductance varies depending
on the state variable and the current voltage.

should
parametrize, and predict the behaviors of devices under a

An available memristive model abstract,
given stimulus. In this section, we propose a novel memris-
tive model and compare it with previously reported models in

respects of accuracy, complexity, and predictability.

3.1. Proposed model

In the practical case, the charged mobile ions (e.g., oxy-
gen ions in TiO;) would drift under the influence of the elec-
tric field, leading to variations of the inner state variable. The
relationship between electric field intensity and moving speed
of ions is not linear, but always exponential. In addition, due
to the high mobility of oxygen vacancies, diffusion effects of
the charged mobile ions should be considered as well.

On the basis of various experimental tests and analysis,
Chang’s model!!) defines the inner state variable by integrat-
ing the drifting and diffusing effects in a single equation. We
define the inner state variable in a similar way as

090502-2



Chin. Phys. B Vol. 26, No. 9 (2017) 090502

:{(xlsinhﬁlVyX, V>0, 3)
opsinh BV — X, V <0,

where ay, o, PBi, and 3, are all positive parameters related
to the drift effect and 7y is a positive parameter related to the
diffusion effect.

However, a memristive device may not only exhibit these
effects; in this case, the contributions of the NDR behavior
should not be ingored. At low resistance states, conductive fil-
aments (CF) have formed in transition metal oxides of memris-
tive devices. When joule heating of the devices is excessively
high, it may lead to gradual ruptures of the filaments.[?%30]
This morphological variation of the filaments would then raise
the resistances of the devices, removing the NDR behavior as
the device generates less heat and the joule heating dissipates.
Therefore, the NDR behavior is related to the history of elec-
tric field applied to the devices and may only exist at some
interval of integrated external electric field. In order to model
this behavior, we introduce a thermal variable E

E= / VIdt, “4)

and define its valid interval [Eyin, Emax]. The RESET process
is always described as an exponential relationship between the
inner state variable and the electric field.[*'33] The NDR be-
havior appears during the RESET process, so the NDR win-
dow can be defined as an exponential formula

e (E-E)/0 E . < E < Emax,
1, others,

WNDR = { (@)

where E. is a bias parameter and o is a regulating parameter.
Note that if the NDR behavior does not appear, as is the most
common case, one can adopt Eq. (3) to define the inner state
variable.

For TiO,-based devices, a Schottky barrier is always
formed between titanium oxide film and the bottom layer,
while an electron tunneling layer always develops when a pos-
itive voltage is applied to the top layer. To integrate these two
effects, we define /-V equation as follows:

. \%
X" kon, sinh
Von;

V>0,
\% \%
X" ko, sinh + (1 = X"™) kogesinh —,

Von, Voff

V<0,

+(1=X")k (¥ —1),

I= (6)

where kop, , Von, » kon,» and vop, are fitting parameters character-
izing ON state at different input voltage polarities, k;, vr, ko,
and v¢r are positive parameters accounting for OFF state, and
ni, ny are positive parameters to regulate X. In Eq. (6), both
expressions include the tunneling term (the first term) and the
Schottky term (the second term). According to Egs. (1) and
(2), the proposed model is the combination of the /-V equa-
tion (6), the internal state variable equation (3), and the NDR
window (Eq. (5)).

The proposed model is distinctive. The Simmons model
uses a tunneling junction with a series resistor to model a
memristive device. The inner state variable (X) of the model
describes the width of the tunneling junction. In contrast, X of
the proposed model represents an area index, i.e., the number
of CFs or the area of the conductive region. Hence, these two
models have different X descriptions. The proposed model
is also different from Chang’s model. They have different
formula expressions of X and different /-V functions. The
proposed model considers the NDR behavior, and uses two
functions to describe the asymmetric electrical properties un-
der both polar input voltage signals.

3.2. Evaluating the proposed model with Linn’s criteria

A distinct characteristic of a memristive device is that its
resistance can be controllably changed by a given electrical
stimulus. The device can achieve a low resistance state (LRS)
under a positive stimulus, while a high resistance state (HRS)
can be obtained under a negative stimulus. The transition from
LRS to HRS is called a “RESET” process, and the transition
from HRS to LRS is called a “SET” process.

A memristive model is a dynamical system that can be
used to predict device behaviors under any given input stim-
ulus. The proposed model does not have any current or
voltage threshold, because models with built-in fixed thresh-
olds (currents or voltages) are not general enough and always

(191 Though there are thermal thresholds ac-

lack predictability.
counting for the NDR behavior, they are dispensable when a
memristive device does not exhibit this behavior. In the fol-
lowing analysis, we evaluate the proposed model with three
strict criteria using Matlab. The parameters of the proposed
model in this simulation are in the second colomn of Table 2
except that y equals 25.

The first evaluation criterion is that, for a reasonable
model, it should have the ability to predict the distinct /-V
characteristics of a memristive device. Typically, there are four
characteristics: an abrupt current increase during the SET pro-
cess, a gradual RESET process of the VCM-based memristive
devices, an [-V-plot that is asymmetric about the origin, and
an observed increase in both SET and RESET voltages with
a higher sweep rate. In Fig. 2(a), we see an abrupt current
increases and a gradual current decrease during the SET and
RESET processes, respectively. Meanwhile, the I-V curves
of the proposed model are obviously asymmetric about the
origin. Furthermore, figure 2(a) also exhibits /-V curves of
the proposed model at triangular voltage sweeps with different
sweep rates. As the sweep rates increase, the model presents
higher SET and RESET voltages, consistent with the physical
device. Therefore, the proposed model obeys the first evalua-
tion criterion.
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Fig. 2. (color online) Evaluation of the proposed model. (a) I-V curves at different sweep rates of sweep voltages. (b) SET time versus applied voltage
amplitude. (c) I-V curves of anti-serial connection of two devices at different sweep rate of sweep voltages. (d) I-V curves of anti-serial connection of two

devices with different serial resistances.

The second evaluation criterion is that, during fixed-
voltage pulse tests, the relationship between SET time #; and
pulse amplitude V}, should be nonlinear due to the high nonlin-
earity of the switching kinetics. When checking this criterion,
the first step is to initialize the device in the HRS state. Fol-
lowing this, positive voltage pulses are applied, and the tran-
sition time from the HRS state to the LRS state is recorded.
In Fig. 2(b), we can see a basic trend. For each of the mod-
els, as the pulse amplitude increases, the SET time decreases,
though the degree of nonlinearity varies. The initial SET time
of the models, at a pulse amplitude of 0.7 V, is normalized
for the sake of comparison. It is proved in Ref. [19] that, for
each linear ion drift model, the SET time is inversely propor-
tional to the pulse amplitude irrespective of any window func-
tion. The other four nonlinear models demonstrate that the
SET time decreases by several orders of magnitude after in-
creasing the pulse amplitude by only a factor of four. Among
the four models, the Simmons model holds the highest degree
of nonlinearity, followed by the proposed model, Yakopcic’s
model, and then Yang’s model in sequence. Hence, the pro-
posed model passes the second evaluation criterion with rela-
tively high nonlinearity of the switching kinetics.

The third evaluation criterion can be validated by simu-

lating the CRS behavior through two devices connected anti-
serially. Theoretically, any change of the state variable of
one device can be offset by the other one so that the resis-
tance of the combined cell is constant. In Fig. 2(c), we show
the /-V curves of an anti-serial connection of two devices
at different voltage sweep rates. We see an overall low re-
sistive state, namely ON state, at each sweep rate. More-
over, demonstrating the same characteristic which is shown
in Fig. 2(a), the anti-serial connection of two devices presents
higher SET and RESET voltages as the sweep rates increase.
In Fig. 2(d), another important behavior is that the ON state
is enlarged with a bigger series resistance, which is in line
with previous reports.3*331 Meanwhile, as the overall resis-
tance becomes larger, the current flowing through the devices
gets lower, which accords with Ohm’s law. Consequently, our
model passes the third evaluation criterion completely.

3.3. Comparison with memristive models

Ideally, a memristive model should reflect experimental
data while being as fast and simple as possible. To compare
the accuracy and complexity between the proposed model and
the reference models, we fit these models to measured data by
adjusting their parameters to minimize error functions.
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To perform the fitting, we use Gradient Descent*®! and
simulated annealing algorithms 37! to minimize the relative er-
ror function value. To reduce the possibility of local conver-
gence of a single error function, we use two different error
functions: the first error function is relative root mean squared
error (RMS) as

€rms
N 2 N 2
1 Z (Vpro,n - Vref,n) Z (Ipro,n - Iref,n)
_ 1] n=1 + =1 (7)
N V2 V2 ’

ref ref

where N is the total number of samples, Vpro, and Iy, are
the characteristics of the nth sample of the model under exam-
ination, Vit , and It , are the characteristics of the nth sample
of reference data, and V,or and I.; are the Euclidean norms
of their respective reference data. The second error function,
threshold adaptive exponential error (TAE), is

M M |Ipr0,j_1ref,j| -T
Cae = kﬁ j:an exp (G . (®)

where k is a scale parameter, T is a threshold value, ¢ is an
adjustment parameter, M is the number of samples (among
which n; and ny, are the first and last samples, respectively)
whose absolute current errors between examined model and
the reference data exceed 7. Here, T is defined as

T=u (max L —min Iref)7 9)

where U is a scale parameter.

During each fitting procedure, two related parameters
are iterated and adjusted to minimize the error functions in
Egs. (7) and (8). To further avoid local convergence, param-
eters should be adjusted manually to make the error function
values as small as possible. In practice, it is better to under-
stand the meaning of each parameter in the processing model
first and adopt proper initial values to simplify the fitting pro-
cedures and reduce the possibility of local convergence. We
have adopted two tips to choose proper initial values: the
first one is to discover relationships between the parameters
by capturing typical states, for example, ko, and vy, of the
proposed model have a relationship, in the LRS state at the
beginning of (1) in Fig. 1. In this case, if X equals 0, then
! lv—o0+ x=0 = kon, /Von,» Which can be obtained from the mea-
sured data. Analogously, if X equals 1 at the end of (2), then
! lv=o+ x=1 = k:/v:. Further, if X equals 1 at the beginning of
(3), then I lv—o- x—1 = kofi/Vofr, and if X equals O at the end of
(4), then I lv—0- x—0 = kon, /Von,- The second tip is to observe
the voltage thresholds that can be used to define the thermal
variable by integration.

In Fig. 3, fitting results to measured data for six differ-
ent models are shown. The upper insets show the log-scale

switching I-V curves. Among these models, in Figs. 3(a)-
3(d), the Simmons, the VTEAM, Yang’s and Chang’s models
are previously reported memristive models, which have dif-
ferent inner state variables, while the proposed models with-
out and with NDR window are in Figs. 3(e) and 3(f), respec-
tively. The Simmons model is an accurate current-controlled
model, but we have changed it to the voltage-controlled mode
and adjusted its parameters properly based on the measured
data. The VTEAM model!'%! is a simplified voltage-controlled
mode of the Simmons model with several reasonable approxi-
mations to reduce complexity. Chang’s and Yang’s models!!”!
are compact nonlinear models whose /-V characteristics are
a combination of hyperbolic sine and exponential functions.
Only the VTEAM model!'%! exhibits a built-in threshold volt-
age, which is a shortcoming in some practical uses, e.g., when
predicting the LTP/LTD behavior. Comparisons of accuracy
and complexity between the six models are presented in Ta-
ble 1. According to both error functions, the proposed model
with or without the NDR window exhibits sufficient accuracy,
with the RMS error value lower than 1.5% and the TAE error
value lower than 0.5%. Though the proposed model with the
NDR window is more accurate than the one without the NDR
window, it takes 13.4 times longer to run. According to the
TAE error function, the Simmons model is the third most accu-
rate model, following the two versions of the proposed model,
though it has the second highest computation time. The devia-
tions in the models from the measured data can be observed in
Fig. 3; the proposed models most closely follow the measured
data outside of the regions where NDR is active. The other
models have not shown sufficient accuracies, irrespective of
run time. Therefore, the proposed model without NDR win-
dow demonstrates remarkable accuracy given its complexity.

3.4. Fitting the proposed model to memristive devices and
models

To test the generality and predictability of the proposed
model, we fit the model to the reference models while keep-
ing the original parameters of the reference models constant.
The proposed model is further fit to measured data of two
frequently-used devices to verify its predictability: an HfO,-
based device!?8] and a TaO,-based device. 3]

The fits of the proposed model to the aforementioned ref-
erence models and devices are shown in Fig. 4, and the corre-
sponding parameters are listed in Table 2. The inset figures are
the log-scale /-V curves for intuitive comparison in the loga-
rithmic coordinate plane. All the parameters of the proposed
model were allowed to vary for each fitting. The minimal val-
ues of the error functions are small, with the RMS error values
lower than 1.5% and the TAE error values lower than 0.2%.
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Fig. 3. (color online) Comparison between the memristive models. The upper insets show the log-scale switching /-V curves. (a) The Simmons model, (b)
VTEAM model, (c) Yang’s model, (d) Chang’s model, (e) the proposed model without NDR window, and (f) the proposed model with NDR window.

Table 1. Comparison of different memristive models.

Models OrMs/%  Owe/%  Run time/ms
The Simmons model 0.68 0.74 1.36
VTEAM model 1.52 0.89 0.27
Yang model 3.05 2.72 0.07
Chang model 2.16 2.38 0.09
Proposed model (No NDR window) 0.85 0.08 0.11
Proposed model(NDR window) 0.29 0.04 1.58

4. Simulations and applications
4.1. Simulation of LTP/LTD behavior

The conductance variation of memristive devices is anal-
ogous to the behavior of synapses in neuromorphic systems.

In other words, the memristive conductance is gradually en-
larged or reduced by applying consecutive positive or neg-
ative pulses, giving rise to long-term potentiation/depression
(LTP/LTD). If a memristive model is valid, it should have the
ability to predict the LTP and LTD behaviors of the devices.
In this subsection, we focus on the simulation of the LTP/LTD
behavior under consecutive fixed-voltage pulses with different
pulse widths to compare the validity of the memristive models
using Matlab.

In Fig. 5, we compare LTP/LTD responses produced by
the Matlab simulation with the measured data of the HfO,-
based device in Ref. [38] under identical rectangular spikes.
Though the measured data exhibit more fluctuations than its
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Fig. 4. (color online) Fit the proposed model to measured data and previously reported memristive models. The insets show the log-scale switching I-V
curves. (a) The Simmons model, (b) VTEAM model, (c) Chang’s model, (d) Yang’s model, (e) HfOx-based device, and (f) TaOx-based device.

Table 2. Optimized parameters of the proposed model to memristive devices and other memristive models.

Devices TiO, HfO, TaO, The Simmons VTEAM Chang’s Yang’s
& models device device device model model model model
Kon, 45x107*  12x1073  22x1073 4x1072 5x1073  45x107% 2x107*
Kon, 45%x107*  12x1073 4.8x1073 4%1072 5%1073 45%x107*  2x107*
ko 10~ 5% 1076 1x1073 4%1074 35%x107°  3x1073 1.5%x1074
ke 85x107° 35x1075 38x107° 1.2x107* 103 35x107% 6% 107
Von,/V 0.9 0.6 2 40 5 0.9 0.8
Vony 'V 0.9 0.6 4 40 5 0.9 0.8
Voit/V 0.5 5 5 0.4 0.4 10 0.4
A% 0.85 0.28 12 15 1 25 3
o 59.75 375 214.2 100 0.25 60 5
Bi 1.731 2 13 0.9 47 1.73 4
o 59.75 75 214.2 100 2.5 60 5
Bi 1.731 6 1.9 2.5 7 1.73 4
Y 125 250 71.4 25 125 25 25
ni 1 1 2 1 1 1 1
ny 1 0.3 0.3 0.5 0.3 1 1
Grms!/ % 0.29 0.78 1.39 0.16 0.18 0.18 0.87
Giac! % 0.04 0.12 0.04 0 0.01 0.01 0.15
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o experimental data
121 o simulation result

11¢

10

Current/107* A
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Fig. 5. (color online) A comparison of LTP/LTD responses between sim-

ulation results and experimental data of HfO, device under trains of iden-

tical rectangular spikes described in Ref. [38]. Potentiation: voltage am-

plitude 0.55 V, time width 25 ps, rise and fall times 100 ns. Depression:

voltage amplitude —0.7 V, time width 20 ps, rise and fall times 100 ns.
counterpart, the simulation results provide an accurate predic-
tion with a very low error value of 0.31% in terms of relative
RMS error.

The experimental data of the HfO,-based!*®! and other
memristive devices previously reported!!>**-#21 have shown
that the change rate of the conductance tends to be smaller as
the device approaches the HRS and LRS states in depression
and potentiation operations, respectively. In Fig. 6, we also
show the results of the LTP/LTD behavior based on the mem-

10
10 us
9' ° 20 us
8t © 30 us
= g
i 7188
o &
S 6rF
s g
= o
O 4
?
. (a)
2

0 50 100 150 200 250 300
Number of pulses

Current/107* A

0 50 100 150 200 250 300

Number of pulses

ristive models. The voltage pulse amplitude is 1.3 V and the
pulse widths are 10 ps, 20 ps, and 30 ps. The parameters of
the memristive models are the same as the ones in Fig. 3.

The models exhibit three common characteristics. First,
the conductance of the models is not linearly related with the
number of voltage pulses. Second, for both depression and
potentiation operations, as the pulse width gets larger, fewer
numbers of pulses are needed to switch the states. Finally, for
the depression operation, as the models approach their LRS
states, the change rate of the conductance gets smaller. These
characteristics are consistent with the device behaviors in ex-
perimental tests.[1540-421 Op the other hand, the models have
their distinct traits: to begin with, for the proposed and the
Simmons models, the numbers of pulses needed in the poten-
tiation operations are relatively fewer than the ones in the de-
pression operations, which accords with the fact that the po-
tentiation operation is always abrupt, whereas the depression
operation is gradual for a VCM-based RRAM cell. However,
Chang’s and Yang’s models do not obviously reflect this fact.
Next, for the proposed and Chang’s models, when approaching
their LRS states in the potentiation operation, the change rate
of the conductance gets smaller, while the Simmons model and
Yang’s model do not follow this principle. Finally, the pro-
posed, Simmons, and Yang’s models exhibit an obvious non-
linearity in the depression operation, while Chang’s model is
almost linear at each pulse width.

1.0
0.8 10 ps
<
L 06
i
~
=
s 0.4
)
=]
O
0.2
0
0 50 100 150 200 250 300
Number of pulses
10
9
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< % ° 20 us
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Fig. 6. (color online) Simulation of the memristive models with identical voltage pulses. The pulse widths are 10 ps, 20 ps, and 30 ps, respectively. (a) The
proposed model, (b) the Simmons model, (¢c) Chang’s model, and (d) Yang’s model.
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In this simulation, the proposed model most effectively
predicted the LTP/LTD behaviors of the device, followed by
the Simmons model, Chang’s model, and then Yang’s model.
Though these reference models have passed Linn’s criteria, [!°]
they are not effective enough to predict the LTP/LTD behavior.

For most memristive devices, the depression operation is
a gradual, controllable process. This gradual LTD behavior
can be used to process grayscale images. The conductance of
the device represents the gray level of a pixel. In the following
subsection, we implement grayscale image processing appli-
cations based on the proposed and the Simmons models.

4.2. Image processing applications

Image processing is a data-intensive application which re-
quires massive calculation and high efficiency. By exploiting
application-specific integrated circuits (ASICs) or field pro-
grammable gate arrays (FPGAs), the efficiency of image pro-
cessing can be significantly enhanced, but still cannot sat-
isfy the requirements of many applications, e.g., real-time
video monitoring, large-scale image retrieval and multi-target
tracking.[>*3! In this subsection, we explore gray sketching
and edge detection based on memristive models using Matlab.
In Fig. 7, a memristor-based network for image processing is
shown.[** There are three layers, including pre-processing,
processing and output. The processing layer is amplified in
the upper right corner of the figure. The forced pulse width is
fixed to 20 us, but the pulse amplitude is variable. Each device
is initially at the LRS state. Detailed simulation results of the
LTP/LTD behavior based on the memristive models are shown
in Fig. 6.

pre-proce#Sing
layer

processing layer

ONONO)
O o O output layer
o e)e)

Fig. 7. (color online) Memristor-based network for image processing de-
scribed. Potentiation: voltage amplitude 0.55 V, time width 25 ps, rise
and fall times 100 ns. Depression: voltage amplitude —0.7 V, time width
20 us, rise and fall times 100 ns.

i HRS

Current/107° A
o N a o

0 ™50 100 150
Number of pulses

4.2.1. Gray sketching

Gray sketching is a basic gray level transformation to en-
large gray level dynamic range that can be divided into linear

and nonlinear transformation methods. The former transfor-
mation is always oversimplified and not effective, whereas the
latter tends to be complex and time-consuming. Here, we pro-
pose a novel nonlinear transformation approach, which does
not require the calculation of standard deviation or other com-
plex nonlinear functions, and therefore can greatly enhance the
efficiency of the transformation. The approach consists of four
steps: first, calculate mean gray level g, of a grayscale image
in the pre-processing layer. Second, for each pixel, acquire the
absolute difference g4 between its gray level and g, and also
keep the sign sq4 of the difference in the pre-processing layer.
Third, apply gq voltage pulses to the corresponding device at
the initial LRS state in the processing layer. Finally, calcu-
late the transformation result by the following equation in the

+gm) ’

where cLrs, cHrs, and crs represent the conductance of the

output layer:

CLRS — CIRS
CLRS — CHRS

gstr = round (128sd (10)

proposed model at the LRS, HRS, and intermediate resistance
states (IRS). The calculation of cirg contains the running time
of a subtraction operation (2" step), calculating the absolute
value (2" step), and the forced voltage pulses (3 step).

In Fig. 8, we apply the proposed and the Simmons mod-
els to image processing. Figure 8(a) is the original Lena image
with the size of 256 x 256. Figure 8(b) is the gray sketching
result of a traditional nonlinear method and figures 8(c) and
8(d) are the results of our new method based on the proposed
model and the Simmons model at applied pulse amplitudes of
1.0 V and 1.3 V, respectively. We use standard deviation to
measure the contrast ratio (CR) of an image.*! The CRs of
Figs. 8(a)-8(d) are 47.7, 64.0, 77.0, and 73.4, respectively.
Comparing to the original image, they all have greatly en-
hanced the CR. In Fig. 9, the relationships between the CRs
and the applied pulse amplitudes corresponding to both mod-
els are shown. The initial CR is 47.7. As the pulse amplitude
increases, the CRs corresponding to the proposed model re-
main constant before reaching 0.72 V, and after that, the CRs
begin to increase rapidly, exhibiting a threshold-like behavior,
while the CRs corresponding to the Simmons model continue
to demonstrate a gradual and linear growth. This threshold-
like behavior is an advantage that can be utilized to restrain
the unavoidable noise in applied signal.

The new method avoids time-consuming calculation of
the complex nonlinear functions required by common nonlin-
ear transformation method and it may further save time due to
its physical hardware implementation.

4.2.2. Edge detection

Edge points are important features both in image process-
ing and computer vision fields, which represent sudden gray
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(e)
Fig. 8. Applying the memristive models to image processing. (a) Original
Lena image, (b) traditional gray sketching method, (c) and (d) proposed
gray sketching method based on the proposed and the Simmons models,
(e) Canny edge detection method, and (f) and (g) proposed edge detection
method based on the proposed and the Simmons models.
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Fig. 9. (color online) Contrast ratios of processed image under applied

voltage pulses with different amplitudes.
level variations. Here, we propose a novel method which uti-
lizes the LTD behavior based on memristive models to perform
edge detection operation. Similar to the method discussed in
the previous subsection, the proposed method avoids the cal-
culation of complex functions and is highly efficient.

For two adjacent pixels in a grayscale image, first, we

calculate the absolute difference nqg of their gray levels in the

pre-processing layer. Second, we apply nq identical voltage
pulses to the corresponding device at the initial LRS state and
record the conductance of intermediate resistance state cirs in
the processing layer. Third, we calculate the degree of gray
level variation gegee Of the two pixels by the following equa-
tion in the output layer:

Y

Zedge = round (2560LRS_CIRS> ,

CLRS — CHRS

and finally, we compare geqpe With a fixed threshold Teqge. If
8edge €xceeds the threshold, the current pixel is regarded as an
edge point; otherwise, it is a common point.

In Figs. 8(e)-8(g), we show edge detection results of the

[46] our new method based

Lena image using Canny operator,
on the proposed and the Simmons models at an applied pulse
amplitude of 1.3 V, with Tiqee equals to 80. The Canny oper-
ator is a classic and accurate approach to detect edge points,
so its detection result can be a standard. A comparison of the
memristive models in edge detection is listed in Table 3. The
proportion of the false points is defined as the quotient be-
tween the number of the detected edge points undetected by
the Canny operator and the number of the whole points in the
image. The new method based on the proposed model detects
3.79% more edge points than that of the Simmons model at a
cost of detecting 1.57% more false edge points. False edge
points concentrate on the neighborhood of real edge points
and a simple thinning method can eliminate most of the false
points.

Further comparisons of the memristive models in edge
detection at different voltage thresholds are shown in Figs. 10
and 11. In Fig. 10, the letter “P” in the inset represents the
proposed model and “S” represents the Simmons model. The
solid lines with different colors show the point ratios corre-
sponding to the proposed model under different pulse ampli-
tudes, and accordingly, the dash lines correspond to the Sim-
mons model.

The types and colors of the lines in Fig. 11 have identi-
cal representations as those in Fig. 10. The basic trend is that,
as the voltage threshold increases or the applied voltage am-
plitude decreases, both the edge point detection ratio and the
false point ratio decrease. At the applied voltage amplitudes of
1.2 V and 1.3V, the edge point detection ratios corresponding
to the proposed model are relatively higher than the ones cor-
responding to the Simmons model at a cost of detecting more
false edge points.

Table 3. Comparison of the proposed and the Simmons models in edge detection.

Proposed model

The Simmons model

Points Canny operator Points Proportion/% Points Proportion/%
Edge points 6133 5019 81.84 4787 78.05
False points / 10833 16.53 9804 14.96
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Fig. 10. (color online) Edge points detection ratios at different gray level
thresholds.

False points ratio/%

O I I I I I
40 50 60 70 80 90 100

Threshold

Fig. 11. (color online) False points ratio at different gray level thresholds.

Consequently, the new method based on the proposed
model exhibits better detection results over the same method
based on the Simmons model. Our method locates the edge
points efficiently with continuity and accuracy, and therefore
can be a template for how to tackle the efficiency problem of
image processing using a memristor-based network.

5. Conclusion and perspectives

A novel experiment-based memristive model has been
presented which considers the drifting effect, the diffusing ef-
fect, and the NDR effect. This physics-oriented model was
obtained after extensive study of the physical mechanisms of
fabricated TiO,-based devices. The proposed model passes
Linn’s criteria, and the characteristics of flexibility, generality
and accuracy have been fully verified.

The proposed model along with memristive models previ-
ously reported has been fit to experimental data by tuning the

parameters to minimize RMS and TAE error functions. Dur-
ing this fitting, the proposed model without NDR has higher
accuracy and efficiency compared to the memristive models
previously reported. Further, the proposed model exhibited
high generality and accuracy when fitted to the HfO,-based
device, TaO,-based device, and the memristive models previ-
ously reported.

A prediction of LTP/LTD behavior in memristive device
has been simulated based on memristive models, which could
be an additional evaluation criterion of Linn’s criteria. A
higher predictability of the LTP/LTD behavior of the proposed
model over the previous memristive models has been discov-
ered.

Finally, based on the LTD behavior of the memristive
models, two novel methods have been proposed to imple-
ment gray sketching and edge detection, which have greatly
enhanced the efficiency by avoiding time-consuming calcula-
tion of complex nonlinear functions. Simulation results re-
veal the considerable potential for the memristor-based net-
work to enhance the efficiency of image processing. Lim-
ited by the poor yield rate of the fabricated devices and the
device-to-device variations, the physical implementation of
the memristor-based network has not been completed yet and
is left as a future work.
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