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ABSTRACT ARTICLE HISTORY

We study how noise can assist the processing of an image in a resistance- Received 11 November 2015
single electron transistor (R-SET) model. The image is an 8-bit black and Accepted 20 December 2015
white picture. !Every grey Ievel.ls cod.lﬁed Ilpearly into a sub-threshold input KEYWORDS

potential applied for a prescribed time window to an ensemble of R-SETs Resistance-single electron
that transforms it into a spiking frequency. The addition of a background transistor (R-SET); image
white noise potential of high amplitude permits the ensemble to process processing; noise assisted
the image by means of the stochastic resonance phenomenon. Aside from detection; stochastic

the positive aspects, we analyse the negative impact of using noise and how resonance; redundancy

we can minimize it using redundancy and a longer measuring time. The

results are compared with the case of the addition of a constant potential

to the codified potential to scale it up to the supra-threshold regime.

A background white noise potential of high amplitude permits an ensemble
of R-SET units to process an image by means of the stochastic resonance
phenomenon. The negative impacts can be minimized using redundancy
and a longer measuring time.

1. Introduction

The importance of noise unrelently grows as the size of the basic unit of an electronic device shrinks
[1-6]. Noise can be static, such as the component diversity inherent to the nanoscale, and dynamic,
such as thermal noise. Together with weak signals, quite common when we deal with nanostructures,
noise can easily render our signal processing device useless. If we want a fully operational device based
on nanoelectronics, we need to tackle the noise problem.

Nature has managed to achieve a robust information processing using nanoscale basic units despite
operating in a noisy environment [7-12]. Two concepts, stochastic resonance and redundancy, are
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Figure 1. (a) Scheme of the R-SET model. When a potential Vo > V4, is applied, a charging-tunnelling process occurs that generates
periodic oscillations of the NP potential V. The parameters are R.,, = 10 G2 and C = 1 aF. Temperature is 5 K. (b) Transduction of
a signal (Vp) into discrete spiking (tunnelling events) frequencies by an ensemble of 100 R-SETs using a time window of 120 ns.

considered to be used by the brain to assist reliable processing [7,8,13-17]. If we can master stochastic
resonance, noise can be used to our own benefit [18-20]. This benefit would be further improved
when redundancy is combined with stochastic redundancy [18].

In this work we analyse how noise can assist the image processing of weak signals, similarly to the
benefitial effects observed in the detection of visual, hearing, and tactile weak stimulus in humans
[16]. We use the R-SET system [21-23], a simple integrate-and-fire model which mimics some aspects
of the neurons behaviour [24,25]. The addition of white noise allows the detection of a weak signal.
However, the detected signal shows fluctuations that need to be partially cancelled to achieve the
given prescribed signal-to-noise ratio needed for image processing. This can be accomplished by the
use of redundancy [7,13] when noise is white and the units share the same signal but their associated
noise is independent. If noise is common to all the units in the array, we can achieve similar results by
integrating in time [13].

2. Related work

The R-SET model (Figure 1(a)) [21-23] consists of a (molecularly protected) metallic nanoparticle (NP)
linked to an electrode (ground potential) by a ligand that acts as a tunnelling junction [24,25]. The NP
then behaves like a single electron transistor (SET) and its equivalent circuit is formed by a capacitance
C in parallel to a tunnelling junction of resistance R. A ‘charging’ resistance R¢, connects the SET to
another electrode at potential V. Because the capacitance associated with the NP is of the order of 1 aF
(1078 F), there is an energy penalty to add an electron to or remove it from the NP. This phenomenon
is known as Coulomb blockade [3,20,27]. When a constant supra-threshold potential Vy is applied to
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Figure 2. Image processing using an ensemble of R-SETs. The pixel grey level is codified into a potential. This potential is in the
sub-threshold range but can be detected with the help of a white noise potential.

the NP through the charging resistance, the NP potential slowly increases (charging process). When the
NP potential V reaches the threshold value Vi, = e/2C, where e is the elementary charge, an electron
tunnels from the electrode to the NP and lowers the NP potential a value —2Vy, (tunnelling). The
charging of the NP resumes until the next tunnelling event, giving the charging-tunnelling oscillations
of Figure 1(a). This sequence can be disrupted when the thermal energy kT, where k is the Boltzmann
constant and T is the temperature, is of the order or higher than the energy penalty eVy,. In Figure 1
the temperature used in the calculation was 5 K to assure that kT < eVy,. In addition, the charging
resistance needs to be much higher than the tunnelling resistance so that the charging process takes
much longer than the tunnelling process.

In a previous work we analysed how the R-SET model could provide some insights on the processing
of images made by the neurons [24,25]. The grey tone of an image was transformed into an input
potential Vo that was applied to an ensemble of R-SET units arranged in parallel. The R-SETs transducted
the input potential into a series of spikes (tunnelling events) whose frequency depended on Vj.
Because the response of the ensemble was between Vo = 60 mV and Vo = 100 mV [25], if an image
was codified to potentials lower than the detection limit of 60 mV it became undetectable. This also
happens in other threshold systems, like the human vision. In this case, it has been shown that adding
external noise to a visual weak signal below the detection limit allows for its detection [26]. Following
this example, we analyse in this work if a sub-threshold signal can be detected by an ensemble of
R-SETs assisted by the addition of a white noise.

3. Procedure

We study the image processing of an ensemble of R-SETs units (Figure 2). The input image is codified
into a potential that is applied to every R-SET in the ensemble. Because the potential used is sub-
threshold, we scale it up to the supra-threshold region by adding either a constant offset potential or
a white noise. The average frequency of the tunnelling events (spikes) of the ensemble is used as the
output magnitude of the processed image.

3.1. The charging-tunnelling process

Every R-SETiinthe ensemble (Figure 1) is composed of a NP linked to an electrode (ground potential) by
a ligand acting as a tunnelling junction. The ligand-protected NP behaves as a SET and its equivalent
circuit consists of a capacitance C; in parallel to a tunnelling junction of resistance R;. A ‘charging’
resistance Rcp,j connects the SET to another electrode at potential V.
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At low temperatures, the Coulomb blockade gives the charging-tunnelling oscillations of Figure
1(a). The time variation of the potential V; of the NP due to the charging process can be described by
the equation

dvi Vo -V

dt Rch,iCi
and depends on the characteristic time R, ;C; and the applied potential Vo;. Tunnelling can be
described as a stochastic process of rate [24,25]

(1)

1 —AE;

= —
"7 e2R; 1 — exp (AE;/kT)

()
when the tunnelling junction resistance R; is much higher than the quantum resistance R, = h/2e,
where h is the Planck constant. In Equation (2), k is the Boltzmann constant and

AE; = e(Vi — Vi) (3)

is the change in electrostatic energy due to the electron tunnelling.

The charging-tunnelling oscillations of the R-SET are calculated by integrating numerically
Equation (1), checking the possibility of a tunnelling event at every time step. We first set the initial
value of the NP potential V;(t = 0) = 0. The applied potential to the R-SET is

Vo
Voilt) = Vg * { Vnifisei(t) @

because Vg is scaled up by the addition of a constant offset potential Vg or a white noise. When
the white noise potential Voise,i(t) of amplitude Vpoise,max is added to Vg, a random value between
—Vhoise,max @aNd Vioisemax MV is calculated from an uniform distribution every Atnoise = 1 ns. At every
time step At = 10 ps of the charging equation, the NP potential is updated

Vo, () —Vi©) |

Vi(t + At) = Vi(t
it 4+ At) = Vi(t) + ReniG

t (5)

Then, the rate of a tunnelling process either from the electrode to the NP or from the NP to the electrode
is calculated using Equation (2) (for the ‘backwards’ tunnelling event, the energy is —e(V; + Vi i)). A
transition ‘rate’ I'c, = 1/At is assigned to the charging process. Then a kinetic Monte Carlo algorithm
is used to check which one of the three options (charging, electrode— NP tunnelling, NP— electrode
tunnelling) comes at the next step. If a tunnelling event occurs the NP is decreased (electrode— NP)
or increased (NP— electrode) by an amount 2Vy, ;. The calculation continues until the simulating time
reaches the prescribed time for every R-SET. Finally, the net number of tunnelling events (net charge
transferred for the electrode to the NP) is summed for every R-SET and divided by the prescribed time
to obtain the spiking frequency.

3.2. Image processing

The original image is an 8-bit black and white image, where every pixel has a grey level betweeng = 0
(black) and g = 255 (white). The grey level is then transformed linearly into an input potential between
Vg,min = 0 (black) and Vg max (white)

Vg = Vg,mangi5 (0 <g <255 (6)

Because we consider Vg max < Vi, No spiking event would be obtained if V was applied directly to
the ensemble of R-SETs. To process the image we scale up Vq to the supra-threshold regime. This is
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Figure 3. NP potential for a R-SET for Vg = 100 mV (top) or Vo = 40 mV + Vjygise, Where Vi gise is @ White noise of peak-to-peak
amplitude 200 mV and a characteristic time of 1 ns (bottom).

first done by adding a constant offset potential V¢ to the codified potential of Equation (6) so that
the input potential Vo = Vg 4 Vo > Vi, is in the supra-threshold regime. The second option to scale
up the sub-threshold input signal is the addition of a white noise.

Theinput potential is applied for a prescribed time window to an ensemble of R-SETs that transforms
it into a spiking frequency, where every spike is a tunnelling event (see Figure 1). The average spiking
frequency is calculated as the total number of spikes divided by the number of R-SETs in the ensemble
and the measuring time. To show the result of the image processing, the average spiking frequency
of every pixel v is converted to a grey level g, to reconstruct the image. Black is assigned to zero
frequency (no spikes) and white is assigned a prescribed frequency vyite related to the highest
average frequency that can be obtained for Vg max in the detection window time (see Figure 5 below)

gp=— %)
Vwhite

4. Results

Unless otherwise stated, every R-SET is characterised by the charging resistance R, = 10 G2, the
tunnelling resistance Ryyn = 10 MQ and the capacitance C = 1 aF, which gives a threshold potential
Vinh = €/2C =~ 80 mV [24,25]. The temperature of the R-SETs is T = 5 K. An offset potential Vo = 60 mV
or a white noise of amplitude Voise,max = 200 mV and characteristic time 1 ns is used to scale up the
sub-threshold potential V. This characteristic time can be compared with R.,C = 10 ns, which gives
the order of magnitude of the charging process in the absence of noise.

4.1. Charging-tunnelling

Figure 3 shows the charging-tunnelling processes in an R-SET system in the absence and presence
of the background white noise. In the absence of noise, the applied voltage is Vo = 100 mV > V4.
Because the applied voltage is higher than the threshold voltage and the temperature is sufficiently
low, we can see the charging-tunnelling oscillations. In the presence of noise Vo = 40 mV + Vpise(t),
Figure 3 shows that the charging process now needs a longer time to be completed. Also, the charging
time may differ significantly between tunnelling events, showing a wide distribution (Figure 4).
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Figure 4. Distribution of time between spikes for a single R-SET under a potential Vo = 40 mV + Vjygise, Where Vpoise is a white
noise of amplitude 200 mV and a characteristic time of 1 ns.

To process an image using the R-SET ensemble, we need first to define a measuring time window
and analyse the spiking rate as a function of the applied voltage. We consider the case where the input
potential Vg, that will codify the image, is in the range 0 < V4 < 40 mV, well below the threshold
potential. The potential Vy is scaled it up toward the supra-threshold regime either by the addition
of an offset potential Vg (the potential applied is then Vo = Vg 4 Vo and lies between 60 mV and
100 mV (see Figure 1(b)) or by adding a different white noise Vpoise,i (t) to every R-SET i (in this case the
applied potential Vo ; = Vg + Vioise,i (1))

Figure 5 shows the average spiking rate, estimated as the total number of tunnelling events of
the ensemble per R-SET per unit time, for an ensemble of 100 identical R-SETs and a time window
of 150 ns. Figure 5(a) shows the case were a constant offset potential has been added to V. There
are no spiking events for V4 < 20 mV, which corresponds to Vo < V. Because the charging time
depends on Vo, when Vg > Vi, the number of spiking (tunnelling) increases with Vo. For Vg = 40 mV
(Vo = 100 mV) there are 5 spiking events in the time window. The input potential Vg is transformed
into a discrete number of average spiking frequencies (output). Figure 5(b) shows the case where
white noise is added to the input potential V. In this case the charging time is no longer constant (see
Figure 3) but has a wide distribution (see Figure 4). To obtain meaningful results, the simulation was
repeated 100 times for every applied voltage V. The central line is the average value obtained from
the total number of simulations whereas the grey regions are defined between the highest and the
lowest frequencies obtained. This is done in Figure 5(a) as well. However, in this case only the thermal
noise (very low at 5 K) gives the differences among the simulations. In Figure 5(b) we observe how the
average rate increases gradually with Vg due to the addition of white noise.

A perfect image processing would need a one-to-one correspondence between the input potential
and the output frequency. This is not achieved here. When a constant offset potential was added to Vg
the limited time window reduces the 256 initial levels to 6. By contrast, when white noise is added, the
fluctuations associated with the noise create a zone of uncertainty around the average value. Although
this uncertainty is reduced because the noise is white and local to every R-SET and an ensemble is
used (redundancy), it is not completely eliminated. Despite these problems, a one-to-one relationship
can be roughly defined in both cases. Better results could be obtained at the expense of a longer
measuring time (in both cases) or of a larger ensemble (in the white noise case).

4.2. Image processing

Figure 6 shows the processing of an image by an ensemble of 100 identical R-SETs. The grey levels
of the original image are transformed linearly into an input potential between Vg min = 0 (black) and
Vgmax = 40 mV (white). In the reconstruction of the image after being processed by the ensemble,
black is assigned to zero frequency (no spikes) and white is assigned to an average frequency Dyhite =
40 MHz, when an offset potential Vg is employed, or byhite = 10 MHz, when a white noise potential
is employed (see Figure 5(a)).
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Figure 5. Average spiking rate (number of spiking events per unit time) for an ensemble of 100 identical R-SETs when the applied

voltage is Vo = Vg + Vo, Vosg = 60 mV, (a) or Vo = Vg + Vpoise, Where Vigise is @ white noise of amplitude 200 mV and
characteristic time 1 ns (b). The time window is 150 ns.
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Figure 6. Image processing by an ensemble of 100 R-SETs using a sub-threshold input potential scaled up to the supra-threshold
regime by the addition of an offset potential or a white noise.

Figure 6 shows that either adding a constant offset potential or adding white noise allows to process
the image. In the first case, the image is reduced from 256 grey levels to 6. Some saturation (a shift
to white in regions of the image) is also shown. In the second case, the processed image shows some
noise that could not be cancelled out.

We could think how the image processing could be improved. In the case of the added offset
potential, the number of allowed frequencies increases (and then the levels of grey) when the time
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Figure 7. Image processing by an ensemble of 100 R-SETs or 1000 R-SETs using a sub-threshold input potential scaled up to the
supra-threshold regime by the addition of a white noise.
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Figure 8. Image processing by an ensemble of 100 R-SETs using a sub-threshold input potential scaled up to the supra-threshold
regime by the addition of a white noise that is either different (local) or the same (global) for every R-SET of the ensemble.

window is increased. This results in an improved image processing. In the case of the addition of white
noise, we could improve the image processing by increasing the number of R-SETs in the ensemble.
This is shown in Figure 7, where this number is increased tenfold up to 1000 R-SETs. The improvement
in the image processing is clear. However, it should be considered whether the benefit of an improved
processing is worth the increase of the number of R-SETs (and then the increase in size).

4.2.1. Local noise vs global noise

The addition of noise allows for the processing of the image in Figures 6 and 7. However, image
processing not only implies the detection of the signal, but also the correspondence between the
original image and the processed image. Because the noise in Figures 6 and 7 is white and local to
every R-SET in the ensemble, the sum of the responses of the R-SETs can harness the benefits of the
noise (the detection of a sub-threshold signal) while minimising the fluctuations that are partially
cancelled out.

The situation is very different when the noise is not local but global, that is, when we have the same
noise for every R-SET in the ensemble. The comparison of local noise (different for every R-SET in the
ensemble) and global noise (the same for every R-SET in the ensemble) is shown in Figure 8. In the
latter case the fluctuations cannot be cancelled out, as all R-SET ‘see’ the same noise (noise helps in
detecting a signal but not in processing the image).

To improve the image processing when the noise is global we consider first the use of an ensemble
of non-identical R-SETs because heterogeneous units may bring the benefits of a different individual
response [7,24,25,28,29]. A different charging resistance R, ; of every R-SET implies a different the
charging time and, as a result, a different average frequency even when subject to the same potential.
Figure 9(a) shows the image processing with an ensemble of identical and diverse R-SETs. The diversity
of R-SETs is modelled with parameter §, so that the charging resistance of R-SET i is given by a random
value in the interval Rep (1 — 8) < Rchi < Rch(1 + §8), with Ry = 10 GQ. Similarly, the tunnelling
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Figure 9. Two different attempted solutions for the global noise: (a) Image processing by an ensemble of identical and diverse 100
R-SETs when a a common (global) white noise has been added to the sub-threshold input potential. (b) Image processing by an
single R-SETs of a sub-threshold input potential with the addition of white noise for different measuring windows times.

resistance of R-SET i takes a random value in the interval R(1 — 8) < R; < R(1 + §), with R = 10 M,
and its capacitance is given by a random value in the interval C(1 — §) < G; < C(1 +4), withC = 1 aF.
Note that for § = 0 we have the ensemble of identical R-SETs used so far (it is labelled ‘identical’
in Figure 9(a)). For the ensemble with diverse R-SETs, we have used § = 0.25. The introduction of
heterogeneity in the ensemble gives only a slight improvement on the processed image as compared
to the ensemble of identical R-SETs (Figure 9(a)). This is probably due to the fact that the ‘dynamic
noise’ of the input potential is larger than the ‘static noise’ given by the diversity of the R-SETs.

We have, however, another possible way to cancel out the fluctuations by averaging over time
[13]. Figure 9(b) shows the processing of the image using a single R-SET for very long measuring
times. Because we employ white noise, the long time window allows for partially cancelling out the
fluctuations so that the processing becomes possible. We must observe, however, that the aim of the
signal transmission is basically to deliver the highest amount of information in the shortest time. In
this context, a large increase of time cannot be an appropriate solution.

5. Conclusions

We have studied how noise can assist image processing in an R-SET model. Every pixel of the image
is codified in an input potential that is proportional to its grey level. Because this codified potential is
always sub-threshold, we have studied if a background white noise of high amplitude is able to allow an
ensemble of R-SETs processing the image, similarly to what has been observed for the visual detection
in humans. The results are compared with a different solution where a constant offset potential is
used to scale up the codified potential to supra-threshold values. Both solutions allow the ensemble
to process the image, although neither does it perfectly. The offset potential reduces the number of
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grey levels of the original images whereas when noise is used, the fluctuations cannot be completely
cancelled out even when a redundant system (an ensemble of R-SETs) is used. However, in the latter
case the processing can be improved by increasing the number of elements in the ensemble. This is
possible because the applied noise is white and local to every R-SET in the ensemble. However, when
a global noise is applied to the whole ensemble, image processing is no longer possible as all R-SETs
follow exactly the same pattern. A small improvement is obtained using an ensemble of diverse R-SETs
because they react differently to the input signal. This result is attributed to having a much higher
dynamic noise (input white noise) than static noise (diversity). In this case, the image processing can
be improved by increasing the measuring time, so that we can average out the fluctuations.
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