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Networks of single-electron transistors mimic some of the essential properties of neuron

populations, because weak electrical signals trigger network oscillations with a frequency

proportional to the input signal. Input potentials representing the pixel gray level of a grayscale

image can then be converted into rhythms and the image can be recovered from these rhythms.

Networks of non-identical nanoscillators complete the noisy transduction more reliably than

identical ones. These results are important for signal processing schemes and could support

recent studies suggesting that neuronal variability enhances the processing of biological

information. VC 2012 American Institute of Physics. [http://dx.doi.org/10.1063/1.3691630]

Weak signals, noise, and significant variability between

nominally identical hardware components are inherent to

nanoelectronics. This variability may be undesirable for

most applications: the threshold voltage mismatching of

individual electronic transistors can have profound effects in

voltage-driven applications.1 In contrast, natural variability

can make noisy biological circuits to function more effi-

ciently because non-identical nanostructures are integrated

in summing networks.2–4 Simulations concerning the role

and function of noise and neural heterogeneity in the inte-

grated population response of the vestibulo-ocular reflex

showed that a heterogeneous population where each member

displays a different rate of spontaneous activity produces a

response with higher fidelity than a homogeneous popula-

tion.2,3 While neuronal noise was originally considered a bi-

ological limitation, it has been shown to provide a wide

range of different spiking behaviors useful for coding in neu-

ronal populations.4–6 Thus, intrinsic neuronal diversity can

be useful and not the result of natural imprecision.4,5

Frequency-based signal processing is inherent to brain

functions. The transduction of external information into pat-

terns of neural activity occurs in the presence of neuronal

noise and discernible rhythms are characteristic of the behav-

ioral and perceptual brain states. The models that describe

how neural spike trains convey sensory information are rela-

tively complex and include sophisticated decoding methods

for reading out the information contained in the neural

responses.7,8 Simple models that can mimic some of the

essential properties of neurons are useful for qualitative pur-

poses. The threshold behavior of single-electron transistors

is reminiscent of the gating process in integrate-and-fire neu-

ron models. Simulations of pulse-density modulation with a

heterogeneous ensemble of single-electron circuits showed

that heterogeneity in the device parameters improves the reli-

ability with which the neurons can encode signals of high

input frequencies.9 Recent experimental studies on a parallel

network of GaAs-based nanowire field-effect transistors with

different threshold voltages have shown that a network oper-

ating in the sub-threshold region can detect weak signals in

the presence of noise.10 The dynamic range of the system

widens due to the threshold variability and the output sum-

mation process. While applications to image processing were

suggested,11 the individual units in the network did not show

any oscillatory behavior.

Biological diversity and nanostructure variability can be

useful for signal transduction and processing. When trying to

design nanodevices, the fabrication uncertainties lead to a

high variability in the properties of the individual nanostruc-

tures.12,13 Could this variability be exploited in the design of
information processing schemes? We show here that signal

transduction applications can take advantage of this variabili-

ty by exploiting some of the characteristics of biological sys-

tems. Nanoparticle (NP)-based organic transistors have been

used as models for biological spiking synapses in neural net-

works and they are considered as basic units for neuromor-

phic circuits.9,14–16 The different shape and size distributions

of nanoparticles13 result in a significant variability in their

threshold potentials. Kinetic Monte Carlo simulations with

these nanostructures have recently shown that moderate re-

dundancy decreases the adverse effects of this variability and

enhances the processing of weak, sub-threshold signals by

taking advantage of the threshold fluctuations.12,15

Parallel arrays of resistance-single electron transistors

(R-SETs) can be used for frequency-based image processing.

The equivalent circuit of the SET consists of a capacitance

Ci arranged in parallel to a resistance Ri.
13,14,21 The resist-

ance ri is connected in series to the SET to complete the

R-SET. This system can be realized experimentally by

means of ligand-stabilized metallic nanoparticles.17–23 The

nanoparticle is functionalized with an organic ligand acting

as a tunneling junction, so that the electron transfer from the

NP to the electrode is based on Coulomb blockade and

tunneling.17–23 The functionalized NPs behave as multiva-

lent redox species with charge states separated by approxi-

mately constant energy differences. The single electron

transfers to and from the NP lead to measurable electric

potential changes of the order of 100 mV that give effective

capacitances of the order of 1 aF.19–24 For example, the elec-

trochemically determined capacitance19 of Au225 NPs with a

diameter of 1.8 nm is ca. 0.6 aF and smaller particles like

Pd40 (1.2 nm diameter) show a capacitance of ca. 0.35 aF.
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The current–voltage curves of a single ligand-stabilized NP

obtained by scanning tunneling spectroscopy can also be fit-

ted to theoretical SET models based on equivalent circuits to

obtain the effective electrical parameters.21,23,25 In this case,

the typical values found for the tunneling resistances and

capacitances are usually in the range of 10 MX–1 GX and

0.1–5 aF, respectively.18–25

A potential V0 > 0 applied to the i-th NP (Fig. 1(a))

through a resistance ri � Ri increases the NP potential ViðtÞ
due to the charging process described by the differential equa-

tion riCidVi=dt ¼ V0 � Vi.
14,15 The natural variability in the

electrical parameters of the nanostructures is taken into account

by considering a distribution of the individual capacitances Ci

(Fig. 1(b)) such that 1� d � Ci=C � 1þ d, where C¼ 1 aF is

the central value and d is the relative variability.13,14 This gives

an average threshold potential14,15 Vth ¼ e=ð2CÞ � 80 mV.

The resistances Ri and ri have distributions of the same d
around the central values21,23 R¼ 50 MX and r¼ 1 GX. The

central values of C and R are realistic estimates obtained from

the available experimental data.18–25 The choice of r follows

from the requirement ri � Ri.

When V0 exceeds the threshold potential Vth;i ¼ e=ð2CiÞ
of the i-th NP, where e is the elementary charge, the NP

potential ViðtÞ increases until it reaches Vth;i and then an elec-

tron tunnels from the ground to the NP across the tunneling

junction (see Fig. 1(a)). This makes ViðtÞ to decrease abruptly

to �Vth;i. The variability in the electrical parameters of the

nanostructures yields statistical distributions for the threshold

potentials Vth;i and the relaxation times riCi similar to that of

Fig. 1(b). The charging-tunneling process produces relaxation

oscillations that mimic oscillatory phenomena in biological

networks of threshold units.7 The oscillations are reminiscent

of the firing events (spikes) in integrate-and-fire neurons9 (see

Fig. 1(c)). The period of the oscillations is approximately the

time it takes for ViðtÞ to rise from �Vth;i to þVth;i. This time

depends not only on the individual relaxation times riCi but

also on the applied potential V0 (Fig. 1(c)).

The threshold and relaxation time variability of the

nanoscillators can be viewed as a static noise to be added to

the dynamic noise produced by the thermally assisted tunnel-

ing events. According to the semi-classical orthodox

theory,15 the electron tunneling rate between the right elec-

trode and the NP of Fig. 1(a) is described by the equations

C !i ¼ 1

eR2
i

�DE
 !
i

1� expðDE
 !
i =kTÞ

;

where k is Boltzmann’s constant, T is the absolute tempera-

ture, and

DE
 !
i ¼ �e Vth;ið1þ 2niÞ � V0

� �

is the electrostatic energy change when the electron is trans-

ferred from the NP to the ground electrode (!) and from the

ground electrode to the NP ( ). In Eq. (2), ni is the elec-

tronic occupancy of the NP (the excess or defect number of

electrons). Figure 1(c) shows that, because of the finite tem-

perature T¼ 5 K, an electron may tunnel before ViðtÞ reaches

the threshold value Vth;i. Multiple tunneling events from the

NP to the electrode and from the electrode to the NP may

occur when ViðtÞ is close to Vth;i (see Fig. 1(c)). Nonetheless,

the net effect is the periodic tunneling of an electron from

the ground electrode to the NP.

The network oscillations have been simulated using a

mixed continuum-Monte Carlo approach previously

described.14,15 The results shown in Fig. 2 correspond to the

average values obtained from 100 simulations, using a differ-

ent system realization (or sample) in each simulation. The

samples are generated by changing the values of Ri, Ci, and ri

of the N nanoscillators according to a random distribution of

relative width d around the specified central values (see Fig.

1(b)). The cases d ¼ 0 (identical R-SETs, no variability) and

d ¼ 0:25 (significant network variability) are considered. For

a given potential V0, the total number of spikes generated by

the network during a fixed time interval s is divided by the

number of nanoscillators N¼ 100 and by the time s to obtain

FIG. 1. (Color online) (a) Scheme of a parallel network of N R-SETs indi-

vidually composed of a NP connected in series to a tunneling junction. The

equivalent circuit of the NP and its tunneling junction (not shown) consists

of a capacitance Ci arranged in parallel to a resistance Ri.
13,14,21 The poten-

tial V0 applied to this network is a linear function of the pixel gray level in

an 8-bit grayscale digital image. (b) A randomly generated distribution for

the individual capacitances Ci of N ¼ 100 R-SETs with relative variability

d ¼ 0:25 and the central value C¼ 1 aF. (c) Individual oscillatory charge-

tunneling processes (spikes) occur when a potential V0 is applied, as shown

here for the NP potential of i¼ 1 R-SET.
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the average frequency per nanoscillator (see Fig. 2). The time

s for each simulation is 10 ns, and the inset of Fig. 2 shows the

effect of increasing s to 50 ns. The shaded regions give the

uncertainty caused by the variability in the electrical parame-

ters of the R-SETs and the finite temperature T¼ 5 K. At high

temperatures, the random nature of tunneling makes it ineffi-

cient for the signal processing for the particular range of sys-

tem parameters considered here. Nevertheless, changes in the

values of the tunneling resistances and capacitances of the

SET may lead to operation temperatures close to ambient con-

ditions.18,19,21,23 In particular, significantly higher temperatures

can be achieved if we decrease the capacitance by reducing

the NP size and using organic ligands with low effective elec-

trical permittivities.19–25 It is possible to obtain experimentally

NP capacitances in the subattofarad regime,20–23 which opens

the door to obtain Coulomb blockade effects similar to those

invoked here at higher temperatures.18,19,21,23 In particular,

Coulomb blockade phenomena in ligand-stabilized Au NPs

with a core diameter of 1.8 nm have recently been observed in

the current–voltage curves of the chemisorbed Au NPs by

scanning tunneling spectroscopy at room temperature.23

The oscillations of the network of identical R-SETs

(d ¼ 0) only occur when the applied potential V0 approaches

the common threshold potential Vth � 80 mV (see Fig. 2).

However, when d > 0, those nanostructures having lower

threshold potentials than the central value (Vth;i < Vth) start

oscillating when the applied potential V0 is in the range

Vth;i < V0 < Vth. Figure 2 shows clearly that the network

composed by non-identical units operates over a wider

dynamic range than the homogeneous one,9,12,15 thus provid-

ing a more gradual response which can be exploited in image

processing involving weak signals.10,11

Figure 2 shows that an ensemble of single-electron nano-

scillators can transduce potentials into pulses whose frequency

is proportional to the amplitude of the input signal (see also

Refs. 9 and 15, and references therein). The dependence of

the network spike frequency, averaged over all the individual

R-SETs, on the potential V0 permits the transduction of the

input potentials (the gray levels of the pixels in Fig. 1(a)) into

oscillation frequency outputs (the network rhythms).

Figure 3 shows the results of the frequency-based proc-

essing of a 100� 75 pixels, 8-bit grayscale digital image

using homogeneous and heterogeneous networks of R-SETs.

The pixels are analyzed sequentially. For every pixel, the

potential applied to the network is V0 ¼ gðVH � VLÞ þ VL,

where VL ¼ 50 mV, VH ¼ 100 mV, and g (0 � g � 1) is the

gray level of the pixel, where g ¼ 0 corresponds to black.

For every pixel, the output is the average frequency of the

network, which is converted to a new 8-bit gray level by

dividing the frequency of every pixel by the maximum fre-

quency observed (which corresponds to white pixels). It is

important to notice that the procedure followed to obtain the

results of Fig. 3 is not intended to optimize the image trans-

duction but rather to show the different behavior of the ho-

mogeneous and heterogeneous networks for the case of sub-

threshold signals, i.e., VL < Vth � 80 mV. Figure 3 shows

that the network variability provides a better image transduc-

tion than that observed with the identical R-SETs. The image

transduction can be further improved for d > 0 with a mod-

erate increase in the network redundancy N (this effect is not

observed for d ¼ 0) and the simulation time s. A significant

improvement in the image transduction by the homogeneous

network requires increasing the minimum potential VL and

the simulation time (see Figs. 2 and 3). Some optimization in

the image transduction process could also be achieved in the

case of the heterogeneous network by choosing appropriate

values of d and VL because of the diversity-induced stochas-

tic resonance (see Refs. 10–12, 26, 27, and references therein

for the effects of stochastic resonance and dithering phenom-

ena on image perception with noisy neurons). However, the

effects caused by the optimization process in the heterogene-

ous network performance are not as dramatic as those

FIG. 2. (Color online) The oscillation frequency of a network of N ¼ 100

R-SETs at 5 K with Vth ¼ e=ð2CÞ � 80 mV and s¼ 10 ns depends on the

applied potential. The lines are the average values of 100 simulations using

different network realizations, and the shaded regions span between the

maximum and minimum frequencies obtained in these simulations. The

cases d ¼ 0 and d ¼ 0:25 are considered. The inset shows the effect of

increasing s to 50 ns.

FIG. 3. Every pixel in the original 8-bit image is analyzed with the homoge-

neous (d ¼ 0) and heterogeneous (d ¼ 0:25) networks and the network os-

cillation frequency is calculated. The output 8-bit image is formed by

converting frequencies to gray levels, associating the minimum frequency

with a black pixel. The choice VL < Vth � 80 mV is appropriate for the

weak signal regime considered here. The network variability results in an

enhanced image transduction that can be further improved by increasing N
(from 10 to 100) and s (from 10 to 50 ns).
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observed in the homogeneous network for the case of weak

signals (see Fig. 3). The heterogeneous network does not

depend critically on the external tuning of parameters which

is required in the case of the homogenous network because

of the diversity in the individual threshold responses of

many non-identical units.

In summary, the evidence that variability effects play a

significant role in the processing of weak electrical signals

by biological threshold units2–6,28–30 suggests that this vari-

ability can also be used to enhance signal processing by arti-

ficial nanostructures. We have considered this question here

for the case of single-electron oscillators composed by a me-

tallic NP functionalized with organic ligands. We have

exploited two physical properties that have been shown to be

robust over a wide range of system parameters:9–12,15 (1) the

nanoscillators can transduce potentials into pulses whose fre-

quency is proportional to the amplitude of the input signal

and (2) a network composed by non-identical processing

units can operate over a wider dynamic range than a homo-

geneous network. The extension of this work to image recog-

nition after learning is under consideration.

Importantly, the artificial nanostructures in the network

of Fig. 1(a) are moderate in number and do not have complex

interconnections between them. These facts suggest that sig-

nal processing can be possible not only by assembling many

nanostructures with complex local interconnections but also

by exploiting the variability inherent to the fabrication proce-

dures at the nanoscale in relatively simple architectures.

Recent experiments show that coding processes in neuronal

populations may not simply be the product of adding more

neurons or increasing the number of local connections but

also depend on the emerging properties of summing net-

works composed by a finite number of biologically diverse

elements showing nonlinear responses.4

The results presented are not just another application of

variability-induced phenomena9–11,15 to the case of a

frequency-based transduction scheme. The basic concepts

invoked (diversity, oscillating networks, noise, threshold

responses, and spike frequencies) are characteristic of signal

processing in many biological systems2–8,28,29 and then can

be of interest for exchanging ideas between multidiscipli-

nary fields.
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(2011).

093703-4 Cervera, Manzanares, and Mafé Appl. Phys. Lett. 100, 093703 (2012)
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