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Neuromorphic computing, inspired by the human brain, uses memristor devices for complex tasks. Recent studies
show that self-organizing random nanowires can implement neuromorphic information processing, enabling data analysis.
This paper presents a model based on these nanowire networks, with an improved conductance variation profile. We sug-
gest using these networks for temporal information processing via a reservoir computing scheme and propose an efficient
data encoding method using voltage pulses. The nanowire network layer generates dynamic behaviors for pulse voltages,
allowing time series prediction analysis. Our experiment uses a double stochastic nanowire network architecture for pro-
cessing multiple input signals, outperforming traditional reservoir computing in terms of fewer nodes, enriched dynamics
and improved prediction accuracy. Experimental results confirm the high accuracy of this architecture on multiple real-time
series datasets, making neuromorphic nanowire networks promising for physical implementation of reservoir computing.

Keywords: double-layer stochastic (DS) nanowire network architecture, neuromorphic computation, nanowire
network, reservoir computing, time series prediction

PACS: 73.63.–b, 05.45.–a DOI: 10.1088/1674-1056/aceeea

1. Introduction
In recent years, neuromorphic computing has emerged as

a promising technology in the post-Moore’s law era, attract-
ing significant attention due to its high degree of connectiv-
ity, parallelism and relatively low power consumption.[1] The
primary objective of neuromorphic computing is to overcome
the main limitation of traditional von Neumann computing ar-
chitectures; specifically, the data transfer bottleneck known as
the von Neumann bottleneck. The progress of neuromorphic
computing and engineering depends on the development of
new hardware technologies and architectures that mimic the
functions of biological neuron circuits. Memristor devices,
which can store and process data in the same physical loca-
tion, play a vital role in bio-inspired and neuromorphic com-
puting. Devices with memristor characteristics can imitate
biological synaptic functions, emulate efficient human brain
functions and provide hardware support for realizing trusted
architectures. Numerous studies have reported the use of de-
vices with memristor properties to achieve artificial synapses,
including resistive random-access memory with drifting[2] and
diffusive[3] memristors. The paper[4] reports on the implemen-
tation of a two-dimensional memristor-based sensor using tin
sulfide (SnS) for language learning. It demonstrated an ac-
curacy of 91% in classifying short sentences, showcasing a

low-cost, real-time solution suitable for time and sequence sig-
nal processing in edge machine learning applications. In the
study,[5] a memristor-based reservoir computing system is pre-
sented, utilizing the internal short-term ion dynamics of mem-
ristive devices and the concept of virtual nodes. It success-
fully demonstrates time series analysis and prediction tasks.
In the research,[6] ultralow-power, high-precision image pro-
cessing and dynamic video analysis are achieved by utilizing a
nonlinear, spatiotemporal correlated photocurrent to construct
an internal reservoir computing system within a sensor. Addi-
tionally, many studies have utilized memristor devices as mod-
ules to simulate synaptic functions[7,8] and research has shown
that forming memristor devices in large-scale crossbar arrays
for the realization of artificial neural networks and neuromor-
phic computing is one of the most promising approaches at
present.[8]

However, the hardware architecture of regular arrays of
amnestic devices is quite different from the intrinsic struc-
tural complexity of the human brain and cannot simulate the
topology and emergent behavior of biological neural networks.
Consequently, researchers have focused on another type of
hardware neural network based on memristor synaptic de-
vices, with nanowire networks emerging as a unique represen-
tative class. Nanowires network consists of randomly arranged
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wires, no more than 10 µm long and no thicker than 500 nm, in
a two-dimensional plane. Where the wires overlap in the net-
work, they form an electrochemical node resembling a synapse
between neurons. Hochstetter et al. has proposed a neuro
morphodynamic model for nanowire networks that adapt in
a brain-like manner.[9] The electrical signals passing through
this network automatically find the best path to transmit infor-
mation and remember previous paths through the system.[10]

Professor Tomonobu Nakayama has extensively researched
nanowire networks, including their dynamic behavior and net-
work topology. He has demonstrated that nanowire networks
respond adaptively to time-varying stimuli, exhibit diverse
dynamics that can be tuned from ordered to chaotic and il-
lustrated that ‘avalanche criticality’ and ‘chaotic edge criti-
cality’ in nanowire networks can optimize increasingly com-
plex learning tasks.[11] The nanowire network employs a top–
down nanofabrication approach, allowing for higher inter-
connectivity of amnestic crosspoint junctions. In terms of
structure and functional relationships, the nanowire network
has strong similarities to real (bio)neural networks formed by
bottom–up self-assembly. Meanwhile, self-organizing ran-
dom nanowire networks composed of nano-objects have re-
cently been demonstrated for the physical implementation of
neuromorphic information processing.[9,10,12,13] This random
self-organized structure is more consistent with the biologi-
cally based neuromorphic architecture than the regular mem-
ristor array. Fu et al.[14,15] demonstrated the ability of a self-
organized random nanowire network to implement reservoir
computation.

In reservoir computing models, the internal reser-
voir units are determined by a random sparse matrix of
connections.[16] The reservoir network maps the input to a
high-dimensional dynamic space, with the values of multiple
reservoir nodes determining the mapping result. The mapped
data is then fed into the readout layer for classification or pre-
diction. Only the readout layer weights need to be trained,
significantly reducing computational effort and improving the
network’s computational efficiency. A self-organizing random
nanonetwork is a highly interconnected network of random
nanowires that intersect to form nodes with amnestic prop-
erties. The network’s overall dynamic behavior arises from
the collective behavior of multiple nano nodes. Self-organized
stochastic nanonetworks have also been shown to exhibit rich
neuromorphic dynamics,[17–20] such as short- and long-term
plasticity, heterosynaptic plasticity and chaotic edge proper-
ties. The structural and functional similarities between self-
organized stochastic nanonetworks and reservoir networks jus-
tify using self-organized stochastic nanonetworks as an inter-
nal implementation of reservoir computing.

Hochstetter et al.[11] and Zhu et al.[9] introduced a ran-
dom nanowire network model, suggesting that the network’s

size and complexity are associated with the average variance
and length of the nanowires. The model employs a threshold
equation to represent the dynamics of each memristor edge
and assumes uniform behavior across all nanowire junctions
in the network. Ricciardi et al.[21] presented a grid graphical
modelling method for memristor nanowire networks, where a
physics-based accretion–inhibition rate balance equation gov-
erns each edge’s dynamic behavior. However, due to the ran-
domness of mechanical contact, the resistive state and mem-
ristor effect of nanowire nodes are randomly distributed, ren-
dering the model incapable of accurately representing the net-
work’s dynamic behavior.

In this paper, we design a nanowire network model that
better aligns with the hardware characteristics of the process.
By combining the features of nanowire networks, we propose
converting data into voltage pulses of varying amplitudes as
input to the network, thereby reducing information processing
time and enhancing computational efficiency. We develop a
double-layer stochastic (DS) reservoir network based on the
nanowire network, utilizing the random distribution of voltage
states at the nodes and the rich dynamic behavior of the web
to construct a reservoir network. This design also incorpo-
rates the nanowire network’s ability to process multiple input
signals in a spatiotemporal manner. We test the DS reservoir
network’s performance on real-time series data, and our exper-
iments demonstrate the superior accuracy and stability of the
nanowire network-based reservoir system compared to tradi-
tional reservoir networks. In terms of energy consumption,
a study conducted by Milano et al. in 2022 found that the
total energy consumption of a single input is 750 µJ, which
is higher than the energy consumption of a single memory
resistor device in traditional top–down reservoir computing
systems. However, by utilizing shorter pulse widths and ad-
justing material properties, it is possible to further reduce en-
ergy consumption, thus providing potential for nanowire net-
works in future complementary metal–oxide–semiconductor
integration.[13]

2. Network modeling and analysis
2.1. Dynamic modeling of memristive resistance for ran-

dom network graphs

Zegarac et al.[22] established a link between graph theory
and the dynamics of memristive circuits. Milano et al.[23] em-
ployed a graph-theoretic approach to investigate the function-
ality and connectivity of random nanowire networks, introduc-
ing the concept of memristive graphs. These graphs represent
random nanowire networks as weighted directed graphs, with
nodes symbolizing nanowire junctions and connected edges
denoting the relationships between them. Montano et al.[21]

utilized a grid model to simulate nanowire network connec-
tions, where nodes are regularly connected, simplifying calcu-
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lations and network complexity to some extent. This model
offers a general platform for exploring non-traditional compu-
tational paradigms in nanowire networks.

However, randomly connected nanowire networks more
closely resemble the inter-synaptic connections of brain neu-
rons and the connections within reservoir computing. There-
fore, in this paper, we opt for random nanowire network sim-
ulation to implement reservoir computing and adopt a graph
theory approach to simulate the dynamic behavior of the ran-
dom nanowire network. Milano et al.[17] observed that when
a random nanowire network is dynamically stimulated by an
external voltage, a process occurs on two outer-wrapped insu-
lating polyvinylpyrrolidone silver nanowires, forming a silver
conductive bridge. The formation and rupture of this bridge
result in a resistance switch.

The network dynamics rely on the collective behavior of
numerous nanowire nodes within the network and can be mod-
elled based on the memristor behavior of a single nanowire
node. To simulate the model of short-term plasticity, a single
nanowire node is developed, and the network memristor edge
dynamics are modelled using a voltage-controlled potential-
inhabitance balance equation. The voltage difference between
various nanowire nodes in the network and the relationship be-
tween the currents flowing between the nodes under this volt-
age difference is represented by

I(t) =
[
Glow(1−g(t))+Ghigh(g(t))

]
V (t), (1)

where Glow and Ghigh denote the minimum and maximum con-
ductance of the memristor edge, respectively; while g(t) repre-
sents the normalized conductance of the memristor edge, nor-
malized between 0 and 1. The current relationship of I(t) fol-
lows Ohm’s first law. The memristor edge conductance varia-
tion is expressed by a voltage-controlled potential-inhibit rate
balance equation

dg
dt

= ωa(1−g)+ωbg. (2)

In this equation, ωa and ωb are functions of the input voltage
controlled by the input voltage, representing the inhibition and
enhancement coefficients that control the conductance change,
respectively,

ωa = ωa0 eηaV , (3)

ωb = ωb0 e−ηbV . (4)

Equations (3) and (4) are derived from the physical description
of ion diffusion.[24–26]

g(t) = gt−1 e
[

ωa
ωb

−(ωa+ωb)∆t
]

+
ωa

ωa +ωb
[1− e−(ωa+ωb)∆t ]. (5)

Equation (5) can be solved recursively. Following Miranda
et al.’s approach[27] for handling continuous functions in a

discrete-time domain, our model employs the same concept,
allowing the model to represent the network’s response to ar-
bitrary input voltages. It is important to note that the initial
conductance of the memristor edge is uniform and identical to
the initial case conductance. Equation (5) is divided into two
parts: the first part signifies the network’s historical memory
state, while the second part represents the network’s constantly
changing process under external input voltage stimulation.

2.1.1. Analysis of the dynamic behavior of random
nanowire networks

In this study, we explore the changes in conductance
within a nanowire network when exposed to constant ex-
ternal voltage stimulation. The network features two exter-
nal terminals: an input terminal for voltage and an output
terminal where voltage remains at 0. As external voltage
is applied to the input terminal, a spontaneous connectiv-
ity path forms between the input and output terminals, re-
sulting in conductance changes within the network. Fig-
ure 1(a) illustrates the time-dependent trajectory of effective
conductance changes for a realistic Ag nanowire network
with a two-terminal configuration under constant voltage pulse
stimulation.[23] Meanwhile, Fig. 1(b) presents the trajectory
for a previously designed nanowire model subjected to the
same stimulation. When compared to earlier research,[23] the
conductance change curve in Fig. 1(b) more closely resembles
the actual double-ended configuration of the nanowire network
under identical experimental conditions.

The nanowire network’s effective conductance is en-
hanced by constant voltage pulse stimulation, and without ex-
ternal voltage stimulation, the network conductance gradually
decreases and spontaneously relaxes. Conductance changes at
each edge of the network are governed by the enhancement–
inhibition rate balance equation. A detailed comparison of
Figs. 1(a) and 1(b) indicates that the experimental results align
well with the model results during both the enhancement and
relaxation phases. This observation confirms the proposed
model’s ability to accurately simulate the behavior of real
nanowire network dynamics in response to external stimula-
tion.

Furthermore, Fig. 2 illustrates the dynamic emergent be-
havior of the network under external constant pulse stimula-
tion. The nanowire network’s conductance continuously in-
creases in response to external voltage stimulation, progres-
sively forming a conduction path between the voltage input
and output terminals. As the external voltage stimulation per-
sists, conduction paths are continuously redistributed, leading
to the formation of an increasing number of paths within the
network. This redistribution of conduction paths highlights the
self-organizing characteristics of the nanowire network.
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(a) (b)

Fig. 1. (a) Plot showing the trajectory of the effective conductance of the Ag nanowire network with time in the experiment under constant
voltage pulse stimulation, and (b) plot showing the trajectory of the effective conductance of the network simulated according to the model.
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Fig. 2. We can clearly observe the formation and disconnection of conductive paths in the network by examining the evolution of network edge
conductance distribution over time under a constant external voltage stimulus. The color shades of the network edges indicate the network edge
conductance and the color intensity of the network nodes indicates the node voltage. The network has a voltage input terminal and an output
terminal, and the output terminal is grounded.

In the absence of voltage stimulation, the network mem-
ristor edge conductance gradually decreases, causing the con-
duction paths to dissolve and the network conductance to re-
vert to its initial state. The interplay between the enhance-
ment of network conductance under external voltage stimula-
tion and the spontaneous relaxation of the network conduc-
tance state enables the network to accumulate information,
providing it with the capacity to process complex and data-
rich inputs. In a study,[20] the network achieved continu-
ous and adaptive reconfiguration by enhancing the main cur-
rent pathways and detecting the presence of multiple conduc-
tion channels, demonstrating remarkable fault-tolerant capa-
bilities. These silver nanowires self-assembled into a neural-
morphic system composed of polymer-coated silver nanowires
with resistive switching junctions.

Further research[11] demonstrated that the neural-morphic
nanowire network exhibited adaptive and collective responses

to electrical stimulation, achieved through a phase transition
of threshold voltage and conductivity. Intersection points in
the network formed avalanche collective switching, consistent
with avalanche phenomena at critical voltage. At high volt-
ages, both large-scale and small-scale avalanches coexisted.
Under alternating polarity stimulation, the network could reg-
ulate between ordered and chaotic states. These findings sug-
gest that the neural-morphic nanowire network can be tuned
to exhibit collective dynamic mechanisms similar to the brain,
optimizing information processing. This further underscores
the powerful capabilities of nanowire networks in information
processing. Moreover, this model simulates the collective dy-
namic behavior of nanowire networks with reduced time costs
and improved computational efficiency, allowing for the sim-
ulation of networks on personal computers to study the self-
organized behavior of network conductivity change pathways.
It is worth noting that the conduction pathways formed after
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the simulation are consistent with the experimental evidence
reported by Li et al.[28] and the computational model reported
by Manning et al.[29]

In this article, we directly observe and analyze the net-
work voltage distribution through the model. During the ex-
periment, we apply a constant pulse voltage stimulation to the
network voltage input terminal while maintaining the output
terminal voltage at zero. As shown in Fig. 3(a), the voltage
distribution of different nodes in the network under external
voltage stimulation is plotted. Through this model, we can
directly observe and analyze the voltage changes of network
nodes at each moment. From Fig. 3(a), we can find that un-
der constant pulse voltage stimulation, the voltage changes of
different nodes in the network exhibit variability. This vari-
ability is due to the spontaneous formation and dissolution
of conduction pathways caused by the memristive edge con-
ductance characteristics of the network, resulting in different
nodes in the network having different voltage changes in the
time dimension. This endows the network with rich emergent
dynamic behaviors.

To further demonstrate the spontaneous behavior charac-
teristics of the network conduction pathways, we apply con-
stant pulse voltage stimulation to 10 different pairs of ter-
minals in the network (these 10 pairs of terminals have the
same voltage input terminals and different output terminals)
and record the voltage changes of the same nanowire node.
Figure 3(b) shows the voltage differences and emerging dy-
namic behaviors of some network nodes under different ter-
minals with constant pulse voltage stimulation.

(a)

(b)

Fig. 3. (a) Simulation of the different nodes’ voltage changes V in the
network under a constant external voltage stimulus of 3 V. The color
shades in the figure indicate the node voltage intensity. (b) Simulation
of the same node voltage changes V in the network under a constant
external voltage stimulus of 3 V, but with different positions of the net-
work output terminal while keeping the voltage input terminal fixed.
The color shades also represent the node voltage intensity.

The experimental results show that when constant pulse
voltage stimulation is applied to different terminals, different
conduction pathways will spontaneously form between net-
work nodes, leading to different voltage changes for the same

node. This phenomenon indirectly reflects the relationship be-
tween the emergent dynamic behavior inside the network and
the position of external electrical stimulation. The experiment
proves that, under external stimulation, the network interior
will generate complex emergent dynamic behaviors. Through
this model, we can analyze the network node voltage, net-
work conductance changes, and the formation and dissolution
of network conduction pathways in the time domain. There-
fore, this model can serve as an effective tool for studying and
learning the dynamic behavior of nanowire networks.

3. The DS nanowire network
3.1. Deep echo state network

Reservoir computing models have gained popularity in
various applications, including image classification[30] and
time series prediction.[31,32] The echo state network (ESN),[33]

a widely used reservoir computing model, differs in function
and structure from artificial neural networks and recurrent neu-
ral networks. ESNs employ a random sparse matrix to deter-
mine their internal connections. Data is mapped to a high-
dimensional dynamic space by the reservoir network and then
input to the readout layer for classification or prediction. In
ESNs, only the readout layer weights require training, signif-
icantly reducing computational effort and enhancing the net-
work’s efficiency. The random cyclic connections in the ESN’s
reservoir layer are well-suited to time series prediction and
have achieved notable results across various fields.[34–37] To
augment the information processing capabilities of ESNs, Pe-
drelli et al.[38] introduced the deep ESN concept, which em-
phasizes the hierarchical nature of the reservoir. Deep ESNs
offer considerable advantages over single-layer ESNs, improv-
ing the reservoir state’s richness and the network’s memory
capacity. The deep ESN structure is depicted in Fig. 4. In
this network, the first layer is internally connected and func-
tions similarly to the reservoir layer in a single-layer ESN. As
the network deepens, the previous layer’s state is input to the
subsequent layer.

Output layerDeep reservoirs layer Input layer

Win Wout

X↼n↽X↼n↽

Fig. 4. Deep echo state network structure.

The first layer state transfer function is defined as follows:

𝑥[1](t) = (1−a[1])𝑥[1](t −1)+a[1] tanh(Winu(t))

+Ŵ[1]𝑥[1](t −1). (6)
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When the number of layers is greater than 1, the state transfer
function is defined as follows:

𝑥[m](t) = (1−a[m])𝑥[m](t −1)+a[m] tanh(W m𝑥m−1(t))

+Ŵ[m]𝑥[m](t −1), (7)

where each network layer has the same reservoir unit N, the
subscript [m], denotes the mth layer of the network, time t and
t −1 denote the current moment t and the last moment at layer
m. Win is the input weight matrix, W[m] is the interlayer con-
nection weight matrix from layer m−1 to layer m, Ŵ[m] is the
recursive weight matrix of layer m, a[m] is the leakage parame-
ter of layer l. The tanh is equivalent to the activation function
in a convolutional neural network providing nonlinear states.

Output layerNanowire network layerInput layer

Fig. 5. A conceptual schematic of the random nanowire network-based
reservoir computing for time series prediction. The steps involve (1)
data preprocessing, (2) data encoding and transmission in the random
nanowire network, and (3) readout layer processing and prediction of
the output sequence from the reservoir.

Pedrelli et al.[38] introduced a deep neural network model
that efficiently handles complex time series data by exploit-
ing hierarchical temporal scale differences. Based on the
deep ESN model, we propose double-layer stochastic (DS)
nanowire networks to overcome the limitations of single-layer
nanowire networks in generating rich nonlinear behaviors.
This approach is a key step towards developing deep reser-
voir computing based on nanowire networks. The DS archi-
tecture enhances the predictive capability of reservoir comput-
ing based on nanowire networks for time series. As shown
in Fig. 5, reservoir computing is implemented using a single-
layer nanowire network with N nodes. We suggest converting
the data into pulse voltages with different amplitudes and then
inputting them to the voltage input terminal node. Accord-
ing to the principle of reservoir computing, the input voltage
data is mapped to various node voltages within the nanowire
network, and time series information is processed by analyz-
ing the voltage changes of different nodes in the time domain.
First, we normalize the input time series data between 0 and
1 and input it to the nanowire network. Then, we convert the
data into pulse voltages with different amplitudes and intro-
duce them to the voltage input terminal. As the input volt-
age fluctuates, the node voltages within the nanowire network

change continuously, and the voltage change of each node de-
pends on its historical input voltage. When an external voltage
stimulus is applied to the network, the voltage distribution of
different nodes in the nanowire network changes. By analyz-
ing the voltage changes of different nodes over time, we can
predict data trends. In the whole process, we read a part of
the node voltage state values at each moment for subsequent
data analysis and processing. Finally, we input all the obtained
node voltage state values to the network readout layer for fur-
ther processing and interpretation.

The role of the readout layer in the DS nanowire network
is to convert the internal state of the network into usable out-
puts, enabling the network to make predictions, perform clas-
sifications, or other tasks. The readout layer is the only part
of the network that undergoes training and is typically solved
using the ridge regression method. In the DS nanowire net-
work we designed, the global reservoir state 𝑋 in the network
is composed of the states from different network layers. As
shown in Fig. 6(a), the readout layer is directly connected to
nodes in two different nanowire network layers using a fully
connected approach. This allows for direct collection of the
state of each nanowire network node for training purposes,
and the internal voltage state vectors of different network lay-
ers are horizontally stacked to generate a global state vector.
Regarding the training algorithm, the output layer in the DS
nanowire network is trained using the standard reservoir com-
puting paradigm.[39] Specifically, we use the ridge regression
algorithm to obtain the output weight matrix 𝑊out as follows:

𝑊out = 𝑌target𝑋
T(𝑋𝑋T + γ𝐼)−1. (8)

Here, 𝑌target represents the target for prediction, 𝑋 represents
the high-dimensional vector generated by the nanowire net-
work layer, 𝐼 represents the identity matrix, γ is the regular-
ization coefficient and 𝐼 represents the identity matrix. The
symbols “T” and “−1” denote matrix transpose and inverse
operations, respectively.

To summarize, in the DS nanowire network, the global
reservoir state 𝑋 is composed of the states from different net-
work layers. The output layer is trained using the ridge re-
gression algorithm based on the standard reservoir computing
paradigm to obtain the output weight matrix 𝑊out. During
training, the output weight matrix is computed by multiplying
and inverting the product of the target for prediction 𝑌target, the
high-dimensional vector generated by the training layer 𝑋 , the
regularization coefficient γ , and the identity matrix 𝐼 . After
training is completed, 𝑊out can be directly used for predic-
tion.

We propose a DS nanowire network model, which con-
sists of two nanowire network layers with unique network
connectivity and random node distribution, as depicted in
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Fig. 6. This design overcomes the limitations of single-
layer nanowire networks, such as limited node number, re-
duced network complexity and unsatisfactory predictive per-
formance. The DS-nanowire network is primarily manifested
in two aspects: first, the randomness in the connections be-
tween nanowire nodes within each layer of the multi-layer
nanowire network, and second, the variability in the connec-
tions between different layers of the nanowire network. Ad-
ditionally, the inter-layer connections are established through
random one-to-one connections, ensuring both accurate data
transmission and enhanced nonlinearity and expressive power
of the network. By increasing the nanowire nodes and gener-
ating more diversified node states, the model is more suitable
for time series prediction, providing an implementation strat-
egy for reservoir computing in multi-layer nanowire networks.

Output layerTwo layer
nanowire network

 Input layer

(a)

(b)

Fig. 6. (a) Conceptual schematic of the DS nanowire network-based
reservoir computing for time series prediction. (b) Schematic dia-
gram of the nanowire reservoir structure of the DS nanowire network
model. The reservoir structure consists of a randomly generated dual-
layer nanowire network, and the network layers are connected using a
one-to-one node mapping method, i.e., each node in the upper network
corresponds to a node in the lower network.

The proposed DS nanowire network model has a novel
reservoir network structure with single-input-multi-output and
multi-input-multi-output capabilities, which are formed by
processing the node voltage state values of both network lay-
ers in the readout layer. In the DS nanowire network, the in-
put data is mapped to intermediate node voltage state values
through the first nanowire network layer at each moment, for
a certain number of nodes (15 nodes are used in the experi-
ment). Taking advantage of the ability of nanowire networks

to process multiple input signals in spatiotemporal modes, the
node voltage state vector serves as the input for the subse-
quent network layer. The lower layer network input termi-
nal accepts the intermediate node voltage state vector as the
network input, processes the intermediate node state values
and outputs node voltage state values. The DS architecture
is adopted for practical reasons, as it is challenging to fabri-
cate two identical nanowire networks in the production pro-
cess. The architecture is compatible with the nanowire net-
work layer and ensures satisfactory performance. We evaluate
the predictive capability of the DS nanowire network using
three real-world datasets. By combining nanowire networks
with reservoir computing and using node voltages as interme-
diate voltage states, the nanowire network structure is consis-
tent with the reservoir layer structure of reservoir computing,
paving the way for hardware implementation of deep reservoir
computing.

4. Experiment
4.1. Dataset introduction

In this section, we assess the prediction performance of
single-layer ESN, layered ESN, single-layer nanowire net-
work, and our proposed DS-nanowire networks on three real-
world time series datasets: the sunspot time series dataset, the
Birmingham parking dataset and the bike-sharing dataset.

Fig. 7. Sunspot time series dataset(first 1000 points). The x-axis coordi-
nates represent the collection sampling points and the y-axis coordinates
represent the sunspot data.

Sunspot time-series predictions Sunspots reflect the dy-
namics of the strong magnetic field surrounding the Sun, and
their numbers correlate with solar activity. The unpredictabil-
ity and complexity of solar activity result in strong nonlinear-
ities in sunspot sequences, making them suitable for testing
network models’ ability to solve real-world time-series pre-
diction problems. We use a 13-month open-source monthly
unsmoothed sunspot series provided by the World Data Centre
SILSO,[40] collected from January 1749 to March 2021, con-
taining 3267 sunspot sampling points. In our experiment, the
first 2200 sequence sampling points serve as the network train-
ing set, 2200–2400 sequence sampling points as the validation
set, and 2400–3000 sequence sampling points as the test set,
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performing one-step ahead direct prediction. The sunspot time
series data is shown in Fig. 7.

Birmingham parking dataset Sourced from the UCI
Machine Learning Repository,[41] this dataset records occu-
pancy rates for all council-managed car parks, collected from
October 4, 2016 to December 19, 2016. The data is normal-
ized to a 0–1 range for testing purposes. We use 10000 recent
observations in our experiments, with 80% (8000) for training
and 20% (2000) for testing, performing the same one-step-
ahead prediction. The Birmingham parking dataset is shown
in Fig. 8.

Birmingham parking dataset

Fig. 8. Birmingham parking dataset (first 1000 points). The x-axis co-
ordinates represent the collection sampling points and the y-axis coor-
dinates represent the Birmingham parking data.

Bike-sharing dataset Obtained from the UCI Machine
Learning Repository,[42] this dataset contains the hourly num-
ber of bicycles rented in the bike-sharing system, collected
from January 1, 2011 to December 31, 2012. We use 10000
recent observations in our experiments, with 80% (8000) for
training and 20% (2000) for testing, performing the same one-
step-ahead prediction. The Bike-sharing dataset is shown in
Fig. 9.

Fig. 9. Bike sharing dataset(first 1000 points). The x-axis coordinates
represent the collection sampling points and the y-axis coordinates rep-
resent the Birmingham parking data.

To ensure fairness in the experiments and to highlight the
advantages of the dual random nanowire networks, all single-
layer ESN networks and layered ESN networks have the same
number of training parameters for the output layer. The size

of each reservoir layer is fixed at 300, a reasonable size that
ensures both network performance and operational efficiency.
All single-layer nanowire networks and layered nanowire net-
works have a fixed number of training parameters for the out-
put layer of 100, with 15 nodes’ voltages serving as the in-
termediate state node voltages for data analysis. All single-
layer and layered models were compared, with the intermedi-
ate reservoir layer and output connections added to all models.

4.2. Evaluation metrics

It is important to note that there are two forecasting meth-
ods for long-term time series forecasting: iterative forecast-
ing and direct forecasting. Iterative forecasting predicts subse-
quent values based on previous ones, while direct forecasting
establishes a multi-step mapping relationship without iterating
to obtain the result after multiple steps. The forecasting model
can be expressed as follows:

yt+n = fn (yt , . . . ,yt−d+1)+w. (9)

The original ESN[43] used iterative prediction, which has
higher accuracy than direct prediction. However, previous
works[44–46] found that iterative prediction suffers from er-
ror accumulation, leading to instability when dealing with
real-world nonlinear time series. Therefore, direct predic-
tion is used in the experiments. Normalized mean square
error (NMSE), mean absolute percentage error (MAPE) and
normalized root mean square error (NRMSE) are employed
to evaluate the prediction performance of each model. The
NRMSE formula is as follows:

NRMSE =

√
∑

N
i=1 (Y (i)− y(i))2

∑
N
i=1 (Y (i))2 . (10)

The closer the evaluation result is to 0, the higher the pre-
diction accuracy. Here, Y(t) represents the target signal, y(t)
denotes the prediction result after training and i indicates the
number of time points. The MAPE formula is as follows:

MAPE =
1
n

N

∑
i=1

∣∣∣∣Y (i)− y(i)
Y (i)

∣∣∣∣×100%, (11)

where Y (t) is the target signal, y(t) is the prediction result after
training and N denotes the number of time points. The eval-
uation results range from percentage results, where an MAPE
of 0% indicates a perfect model and an MAPE greater than
100% indicates an inferior model. The NMSE error formula
is as follows:

NMSE =
N

∑
i=1

Y (i)− y(i)2

Y (i)2 . (12)

The closer the evaluation result is to 0 indicates the higher pre-
diction accuracy, where Y (t) is the target signal, y(t) is the pre-
diction result after training and i denotes the number of times
points.
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4.3. Results

The performance metrics for various network models on
the sunspot dataset are presented in Table 1. Additionally,
Fig. 10 compares the predicted and actual results of the lay-
ered ESN and DS nanowire network for a selected time step in
the sunspot dataset. The DS nanowire network’s predictions
are relatively smooth, with improved MAPE metrics, outper-
forming the layered ESN. Despite having fewer nodes than the
ESN and using the node voltage of some nodes (15 nodes in
this case) for model training, the DS nanowire network still
achieves excellent real-time series prediction results. The DS
nanowire network’s prediction index on the sunspot time se-
ries dataset is higher than that of the single-layer nanowire net-
work, which is related to the dataset’s data quantity and model
complexity. The DS nanowire network can overcome data
quantity limitations and enhance prediction accuracy, demon-
strating the rationality and superiority of a deep reservoir com-
puting design approach based on nanowire networks for real-
time series prediction.

Target and generated signals y↼n↽ starting at n/

Target and generated signals y↼n↽ starting at n/

Fig. 10. (a) Plot of the effect of the predicted results of the DS nanowire
network model for predicting sunspot time series compared with the actual
results. (b) Plot of the effect of the predicted results of the layered ESN
model for predicting sunspot time series compared with the actual results.

Furthermore, Fig. 11 compares the layered ESN and DS
nanowire network’s prediction results for a selected time step
in the Birmingham parking dataset and the actual results. Dur-
ing the prediction process, the layered ESN model may ex-
hibit significant discrepancies between predicted and actual
results. In contrast, the DS nanowire network model demon-
strates smooth data point transitions, with minimal occurrence
of unstable data prediction points. It consistently generates

stable and accurate predictions at each prediction point, out-
performing the hierarchical ESN in this aspect.

Target and generated signals y↼n↽ starting at n/

Target and generated signals y↼n↽ starting at n/

Fig. 11. (a) Plot of the predicted results of the DS nanowire network model
predicting the Birmingham parking dataset compared to the actual results.
(b) Plot of the predicted results of the layered ESN model predicting the
Birmingham parking dataset compared to the actual results.

Target and generated signals y↼n↽ starting at n/

Target and generated signals y↼n↽ starting at n/

Fig. 12. (a) Plot of the predicted results of the DS nanowire network
model predicting the bike-sharing dataset compared to the actual results.
(b) Plot of the predicted results of the layered ESN model predicting the
bike-sharing dataset compared to the actual results.
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Additionally, Fig. 12 compares the layered ESN and DS
nanowire network’s prediction results for a selected time step
in the bike-sharing dataset and the actual results. The DS
nanowire network model not only achieves better accuracy but
also ensures the stability of the prediction results. It possesses
the flexibility to adapt to data variations, enabling the model
to make accurate predictions in complex real-world environ-
ments.

According to Tables 1–3, the simulation results show that
the three tables contain multiple models’ prediction metrics
for the sunspot dataset, the Birmingham parking dataset and
bike-sharing dataset. Combined with Figs. 10–12, we will an-
alyze the tables in detail from two aspects: prediction accuracy
and data metrics analysis, and further explore the advantages
of the DS nanowire network in terms of prediction stability,

flexibility and robustness.

Prediction accuracy and data metrics analysis: prediction
accuracy is an important metric for measuring the error be-
tween model predictions and actual observations. Based on
the MAPE metrics in Tables 1–3, the DS nanowire network
model demonstrates relatively high prediction accuracy across
all three datasets. In Table 1, the DS nanowire network model
has an MAPE of 0.685, which is lower compared to other
models. In Tables 2 and 3, the DS nanowire network model
has MAPE values of 0.248 and 0.873, respectively, which are
also relatively low. This indicates that the DS nanowire net-
work model can predict the target variable more accurately
with smaller errors between the predicted and observed val-
ues.

Table 1. Performance of the DS nanowire network model with other prediction models on the sunspot time series.

Single-layer ESN Layered ESN (layers = 2) Single-layer nanowire network DS nanowire network
NARMSE 4.273×10−1 3.753×10−1 3.482×10−1 3.359×10−1

NMSE 1.826×10−1 1.408×10−1 1.212×10−1 1.128×10−1

MAPE 2.252 1.065 0.606 0.685

Table 2. Performance of the DS nanowire network model with other prediction models on the Birmingham parking dataset.

Single-layer ESN Layered ESN (layers = 2) Single-layer nanowire network DS nanowire network
NARMSE 5.139×10−1 4.169×10−1 4.076×10−1 3.936×10−1

NMSE 2.640×10−1 1.738×10−1 1.661×10−1 1.549×10−1

MAPE 0.337 0.311 0.249 0.248

Table 3. Performance of the DS nanowire network model with other prediction models on the bike-sharing dataset.

Single-layer ESN Layered ESN (layers = 2) Single-layer nanowire network DS nanowire network
NARMSE 4.590×10−1 3.847×10−1 4.125×10−1 3.838×10−1

NMSE 2.107×10−1 1.480×10−1 1.702×10−1 1.473×10−1

MAPE 1.243 1.312 0.694 0.873

Prediction stability Prediction stability measures the
consistency and stability of a model across different datasets.
Based on the NARMSE and NMSE metrics in Tables 1–3, the
DS nanowire network model has relatively low values, indi-
cating smaller errors between the predicted and observed val-
ues and consistent performance across different datasets. This
suggests that the DS nanowire network model has an advan-
tage in prediction stability, producing stable and accurate pre-
dictions across different datasets.

Flexibility Flexibility refers to the ability of a model to
adapt to different datasets and problems. Based on the data
metrics in Tables 1–3, the DS nanowire network model has
lower model complexity compared to other models, making
it easier to understand, implement and adjust. Its flexibility
allows it to adapt to different datasets and problems, and it ex-
hibits good generalization ability. This flexibility makes the
DS nanowire network model more practical and scalable in
real-world applications.

Robustness Robustness refers to a model’s stability and
adaptability to noise and variations in the data. Based on the

prediction metrics in Tables 1–3, the DS nanowire network
model demonstrates a certain level of robustness to noise and
variations in the data. This means that it can generate reliable
predictions in the presence of uncertainty and noise, showing
good robustness. This enables the model to make accurate pre-
dictions in complex real-world environments.

The DS nanowire network model has advantages in pre-
diction accuracy, prediction stability, flexibility and robust-
ness. Its lower MAPE values indicate smaller errors between
predicted and observed values, indicating higher prediction ac-
curacy. Additionally, it has lower model complexity, making it
easier to understand, implement and adjust, while also exhibit-
ing good prediction stability and robustness. These advantages
make the DS nanowire network model promising for practical
applications and worthy of further research and exploration.

5. Conclusions
Self-organizing random nanowire networks can physi-

cally implement neuromorphic information processing and are
a new approach to achieving neuromorphic computing and in-
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formation processing. This study develops a model suitable
for stochastic nanowire networks and observes the network’s
overall dynamic behavior based on model simulations of net-
work conductance changes and node voltage distribution over
time. By leveraging the nanowire network’s characteristics
of adaptive reallocation of node voltage and nonlinear volt-
age changes, information is encoded into voltages of different
amplitudes and input into the nanowire network. The node
voltage changes of each node over time are then collected as a
reservoir state for reservoir computing. A scheme is designed
to implement reservoir computing using the nanowire network
for time information processing. Based on the nanowire net-
work’s ability to process multiple spatiotemporal inputs, the
DS nanowire network structure is proposed, providing a prac-
tical implementation scheme for the subsequent physical re-
alization of deep reservoir computing based on nanowires.
The single-layer nanowire network and the DS nanowire net-
work’s prediction performance are tested on three real-time
series datasets. The reservoir computing model based on the
nanowire network achieves better prediction results than tradi-
tional deep reservoir computing.
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