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Abstract. Aim of the study is to develop a method for estimating the parameters of an external periodic impulse
action using a spiking network of neuronlike oscillators. Methods. The spiking activity of a network consisting
of coupled nonidentical neuronlike FitzHugh–Nagumo oscillators was studied, depending on the parameters of
the periodic impulse action. To estimate the amplitude of the external impulse signal, we detuned the FitzHugh–
Nagumo oscillators, which were in a stable state of equilibrium in the absence of an external action, by the
threshold parameter responsible for the excitation of the oscillator. To estimate the frequency of excitatory pulses,
we detuned the FitzHugh–Nagumo oscillators by the parameter characterizing the ratio of time scales, the value of
which determines the natural frequency of oscillators. We also changed the duration of external pulses. Results.
It is shown that the number of spikes generated by a network of nonidentical FitzHugh–Nagumo oscillators has
a monotonic dependence on the amplitude of the external pulse signal and a nonmonotonic dependence on the
frequency of the pulse signal. The number of spikes generated by the network remains constant over a wide range
of external pulse durations. A method for estimating the amplitude and frequency of impulse action is proposed.
The method efficiency is demonstrated in numerical simulations and in a radio physical experiment. Conclusion.
The proposed method allows one to estimate the amplitude of an external pulse signal, knowing its frequency, and
estimate the frequency of this signal, knowing its amplitude. The method can be used in robotics when solving the
problems of information processing related to the motion control of mobile robots.
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Introduction

Artificial neural networks are built on the principle of the organization and functioning of
networks of brain neurons and consist of interacting artificial neurons. Artificial neural networks are
widely used in a variety of scientific disciplines to solve problems of identification, classification,
forecasting and adaptive management. Initially, the formal neurons [1–6] were used as node
elements of artificial neural networks, which were threshold elements that transform the input–
output [7]. However, such formal neurons are too simple and do not have their own dynamics,
and the networks consisting of them are very far from the neural networks of the brain.

To simulate the processes of brain activity, more adequate models of neurons in the form
of nonlinear dynamic systems are required [8]. The most well-known dynamic models of neural
activity are discussed in detail in the review [9]. These are Hodgkin models–Huxley, Morris–Lekar,
Hindmarsh–Rose and Fitzhugh–Nagumo, described by ordinary differential equations, and the
models of Izhikevich, Rulkov and Kurbazh–Nekorkin, described by point maps. The parameters
of such model neurons have a physiological meaning. These neurons themselves are capable of
demonstrating the complex dynamics inherent in real neurons, including spikes (impulses) that
occur when the membrane potential of a neuron exceeds a certain threshold level.

Neural networks constructed from such neural-like oscillators are called spike or pulse neural
networks. They allow you to effectively simulate the processes of processing and memorizing
information by the brain [10]. Spike neural networks are successfully used in practice for automatic
recognition of sound and visual information [11, 12], classification of characteristic patterns in
biomedical signals [13–16] and for solving information processing problems related to robot motion
control [17–20]. Spike neural networks usually require fewer neurons to solve tasks compared to
other artificial neural networks.

External stimulation of neurons can lead to changes in the amplitude and frequency of spikes
generated by them [21,22]. The external influence applied to the neural network can affect the
processing of information in the network, since spikes play an important role in the transmission
of information between neurons [23–25]. Thus, the task of assessing the parameters of external
influence is of great interest, for example, in robotics and neurophysiology. Note that spike neural
networks were previously used for threshold classification of external influences applied to the
neurons of the [26] network, and for estimating the amplitude of the external harmonic signal [27].
There are also known methods for restoring the parameters of external influence based on the
reconstruction of the model equations of the oscillators [28–31].

In this paper, we consider for the first time the problem of estimating the amplitude
and frequency of the pulse action applied to the spike neural network in both numerical and
radiophysical experiments. The influence of the shape and duration of pulses on the generation of
spike activity is also investigated.

1. Dynamics of the Fitzhugh–Nagumo neuropodic oscillator under external periodic
impulse action

As the nodal element of the spike neural network, we choose a neuron-like oscillator described
by the simplified differential equations Fitzhugh–Nagumo [32,33]. The dynamics of a neuron-like
oscillator under external impulse action is described by the following model equations:

𝜀�̇�(𝑡) = 𝑢(𝑡)− 𝑢3(𝑡)

3
− 𝑣(𝑡) + 𝑦(𝑡), (1)

�̇�(𝑡) = 𝑢(𝑡) + 𝑎
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In this equation, 𝑢(𝑡) describes the dynamics of the membrane potential of the neuron; 𝑣(𝑡) is
responsible for restoring the resting potential of the membrane; 𝜀 — the parameter of the ratio
of time scales, which is usually a small value; 𝑎 — threshold parameter; 𝑦(𝑡) — external impact,
which is rectangular pulses. The Fitzhugh–Nagumo equations are a reference model of excitable
neuron dynamics. Unlike the Fitzhugh–Nagumo equation notation given in the [9] review, the
second equation in (1) lacks the −𝑏𝑣 term, which greatly simplifies the analysis of the [34] system
and its implementation in a radiophysical experiment.

In the absence of external influence, the oscillator (1) at 𝑎 > 1 is in a stable state of
equilibrium. In this case, the action of an external signal can cause the system to generate spikes
(excitation pulses), so this state is called excitable. At 𝑎 < 1 and 𝑦(𝑡) = 0, the oscillator (1)
demonstrates periodic self-oscillations that occur as a result of the Andronov–Hopf bifurcation
at 𝑎 = 1 [32]. We will consider only the cases 𝑎 > 1 corresponding to the excitable state of
the Fitzhugh–Nagumo oscillator, in which the generation of spikes is absent without external
influence.

The dynamics of the Fitzhugh–Nagumo oscillator under external harmonic influence was
studied, including experimentally, in the works [22,27]. In this paper, we will consider in detail
the case of an external periodic pulse action. Such an effect is used, for example, with electrical
stimulation of brain regions to control the level of synchronization of neurons in the treatment of
certain brain pathologies [35,36].

The type of periodic pulse signal 𝑦(𝑡) supplied to the Fitzhugh–Nagumo oscillators is shown
in Fig. 1. The signal 𝑦(𝑡) is a rectangular pulse with an amplitude of 𝐵, a period of 𝑇 and
a duration of 𝑀 . For convenience, we use in the article to describe the pulses their frequency
𝑓 = 1/𝑇 and the relative duration 𝐷 = 𝑀/𝑇 . The case when the pulse amplitude varies from
0 to 1 is mainly considered. Such a unipolar effect simulates a situation in which, after passing
a pulse with a duration of 𝑀 , the neurooscillator is in autonomous mode for a time of 𝑇 −𝑀
(Fig. 1, a). However, this kind of external influence on real neurons is not always possible. For
example, in the treatment of patients with Parkinson’s disease using pulsed stimulation of brain
regions, bipolar electrical stimuli [36] are mainly used, consisting of two rectangular pulses with
different polarity (Fig. 1, b). This avoids the accumulation of charge in living brain tissues due
to the equality of the total current of external stimuli to zero. The optimal type of external pulses
for desynchronization of network oscillators is investigated in [37].

In Fig. 2, a different colors show how many spikes 𝑁 during 𝑡 = 100 demonstrates the
neuropodic Fitzhugh–Nagumo oscillator (1) depending on the amplitude and frequency of the
external pulse action 𝑦𝑎𝑝𝑝𝑙𝑖𝑒𝑑𝑡𝑜𝑖𝑡(𝑡). The figure is constructed when the frequency 𝑓 and the

Fig. 1. Вид импульсного воздействия 𝑦(𝑡) при 𝑀 = 𝑇/2 (𝐷 = 0.5). a — Однополярный импульсный сигнал.
b — Двухполярный импульсный сигнал

Fig. 1. Shape of impulse action 𝑦(𝑡) at 𝑀 = 𝑇/2 (𝐷 = 0.5). a — Unipolar pulse signal. b — Bipolar pulse signal
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Fig. 2. a — Количество спайков 𝑁 , генерируемое осциллятором (1) за время 𝑡 = 100 при 𝑎 = 1.1 и 𝜀 = 0.1,
в зависимости от частоты 𝑓 и амплитуды 𝐵 внешнего импульсного воздействия 𝑦(𝑡) при 𝐷 = 0.5 (цвет online).
b — Временная реализация 𝑢(𝑡) при 𝐵 = 0.5 и 𝑓 = 0.24. c — Временная реализация 𝑢(𝑡) при 𝐵 = 0.5 и
𝑓 = 0.48

Fig. 2. a — The number of spikes 𝑁 generated by the oscillator (1) over time 𝑡 = 100 at 𝑎 = 1.1 and 𝜀 = 0.1,
depending on the frequency 𝑓 and amplitude 𝐵 of external impulse action 𝑦(𝑡) at 𝐷 = 0.5 (color online). b — Time
series of 𝑢(𝑡) at 𝐵 = 0.5 and 𝑓 = 0.24. c — Time series of 𝑢(𝑡) at 𝐵 = 0.5 and 𝑓 = 0.48

amplitude 𝐵 of the pulse signal change from 0 to 1 with a step of 0.01 for the case 𝐷 = 0.5 and
oscillator parameters: 𝑎 = 1.1 and 𝜀 = 0.1. The initial conditions are the same for each point on
the parameter plane (𝑓,𝐵).

As can be seen from Fig. 2, a, for small values of 𝐵, the oscillator (1) does not generate
spikes and, accordingly, the number of spikes 𝑁 = 0. That is, at small 𝐵, the external stimulus is
too weak to excite a neuron-like oscillator. When the amplitude of 𝐵 exceeds a certain threshold
value of 𝐵𝑝, which depends on the frequency of 𝑓 exposure, the Fitzhugh–Nagumo oscillator
begins to generate spikes. The number of spikes increases with an increase in 𝐵 and at a fixed
𝑡 reaches the maximum value of 𝑁max, which also depends on the value of 𝑓 . For example,
at the pulse frequency 𝑓 = 0.24, close to the natural frequency 𝑓𝑠 of periodic self-oscillations
demonstrated by the oscillator (1) at 𝜀 = 0.1, 𝑎 < 1 and 𝑦(𝑡) = 0, the value of 𝑁max = 24
at 𝑡 = 100. This means that each impact pulse causes the generation of a spike. Temporary

498
Navrotskaya E.V., Kulminskiy D.D., Ponomarenko V. I., Prokhorov M.D.

Izvestiya Vysshikh Uchebnykh Zavedeniy. Applied Nonlinear Dynamics. 2022;30(4)



implementation of the dynamic variable 𝑢(𝑡) at 𝐵 = 0.5 and 𝑓 = 0.24 are shown in Fig. 2, b.
In this figure, the frequency of the spikes coincides with the frequency of the external pulse signal,
and 𝑁 = 24.

At 𝐵 > 𝐵𝑝 and small values of 𝑓 , each pulse acting on the oscillator causes the generation
of a spike. For example, at 𝑓 = 0.01 during the observation of 𝑡 = 100, one pulse comes to the
oscillator and causes one spike, at 𝑓 = 0.02 during the time of 𝑡 = 100, two pulses act on the
oscillator, causing two spikes, and so on. As a result, 𝑁 depends linearly on 𝑓 in the domain of
𝑓 ⩽ 𝑓𝑠.

Real neurons, as well as their models in the form of nonlinear dynamic systems, have the
property of refractoriness. It consists in the fact that after the spike generation, the membrane
potential of the neuron remains a small value for some time, and during this period of refractoriness,
the neuron does not respond to external influences [9]. When the frequency of the external influence
becomes sufficiently large, some impulses affect the neuropodic oscillator at the moment when it is
non-excitable due to refractoriness, and therefore do not cause the generation of a spike. For this
reason, when 𝑓 > 𝑓𝑠, the dependence 𝑁(𝑓) ceases to be monotonous. For example, in Fig. 2, c
shows a temporary implementation of the dynamic variable 𝑢(𝑡) at 𝐵 = 0.5 and 𝑓 = 0.48. In this
figure, the frequency of spikes is two times less than the frequency of the external pulse signal
and 𝑁 = 24, as in Fig. 2, b. With sufficiently large 𝑓 , the frequency of spikes can be three or
more times less than the frequency of the external pulse signal.

Thus, the spike activity of the Fitzhugh–Nagumo neuron-like oscillator depends both on
the parameters of the oscillator itself and on the parameters of external impulse action. In the
following sections, we will consider networks consisting of interconnected non-identical Fitzhugh–
Nagumo(1) oscillators and show the possibility of using them to estimate the parameters of an
external periodic pulse action.

2. Using a network of Fitzhugh–Nagumo oscillators to estimate the parameters of
pulse action in numerical simulation

Consider a spike neural network consisting of interconnected neural-like Fitzhugh–Nagumo
oscillators, the dynamics of which is described by model equations of the following form:

𝜀𝑖𝑢𝑖(𝑡) = 𝑢𝑖(𝑡)−
𝑢3𝑖 (𝑡)

3
− 𝑣𝑖(𝑡) +

𝐿∑︁
𝑗=1(𝑗 ̸=𝑖)

𝑘𝑖,𝑗(𝑢𝑗(𝑡)− 𝑢𝑖(𝑡)) + 𝑦(𝑡), (2)

𝑣𝑖(𝑡) = 𝑢𝑖(𝑡) + 𝑎𝑖,

where 𝑖 = 1, ..., 𝐿 is the number of the oscillator; 𝐿 is the number of oscillators; 𝑘𝑖,𝑗 is the
coupling coefficient from the 𝑗th element to the 𝑖th. In general, all oscillators of the network are
non-identical, but they are under the influence of the same external impulse action 𝑦(𝑡).

In numerical simulation, we investigate a network consisting of 𝐿 = 50 oscillators (2). We
choose the architecture of the connections in such a way that each of the oscillators has ten other
oscillators, the numbers of which are randomly selected. This means that in the equation (2)
out of 49 coupling coefficients 𝑘𝑖,𝑗 for each oscillator, 39 coefficients are zero. The values of all
nonzero coefficients of connections in the network are chosen the same: 𝑘𝑖,𝑗 = 0.01. At such small
values of 𝑘𝑖,𝑗 , spikes in the network oscillators do not occur without external influence. For all
the examples discussed in this section, the architecture of the connections in the network and the
strength of the connections are the same.

The spike activity of the neural network under study depends in a complex way on the
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parameters of the external periodic pulse action. Such a network can generate the same number
of spikes with different parameters of the pulse signal. Therefore, simultaneous evaluation of
all parameters of the external stimulus 𝑦(𝑡) by the response of the neural network is generally
impossible. We will consider a simpler situation in which it is required to estimate the amplitude
of the pulse signal 𝑦(𝑡), knowing its frequency, and a situation where it is required to estimate
the frequency of the signal 𝑦(𝑡), knowing its amplitude. Separately, we will consider the effect of
pulse duration on the generation of spike activity.

2.1. Estimation of the amplitude of the pulse action. As shown above, in section
1, even by the response to the external influence of one neuron-like oscillator in an excitable state,
it is possible to estimate the amplitude of the stimulus very roughly. The use of a spike network
of non-identical oscillators makes it possible to increase the accuracy of estimating the amplitude
of an external periodic pulse effect, and the greater the number of 𝐿 oscillators in the network,
the more accurate the estimate of 𝐵. To estimate the value of 𝐵, the network oscillators should
be detuned by the parameter 𝑎𝑖, on the value of which the threshold value 𝐵𝑝 depends, as well as
the number of spikes generated by each 𝑖 oscillator.

In the studied network, all Fitzhugh–Nagumo oscillators were non-identical and differed in
the value of the parameter 𝑎𝑖, which took values from 𝑎1 = 1.1 to 𝑎50 = 1.2715 in increments
of 0.0035. At such values, there is no generation of spikes in the absence of external influence.
We changed the amplitude 𝐵 of the pulse signal from 0 to 1 in increments of 0.01 and for each
value 𝐵 we calculated the total number of spikes generated by all 50 oscillators during the time
𝑡 = 100. In Fig. 3 dependencies are constructed for three different values of 𝑓 at 𝐷 = 0.5 and
𝜀𝑖 = 𝜀 = 0.1. Such graphs allow us to estimate the unknown amplitude 𝐵 of an external pulse
action at a known frequency of action 𝑓 .

By counting the number of spikes 𝑁 observed in the network for the selected time, you
can determine 𝐵. For example, if 𝑁 = 800 with 𝑓 = 0.24, then 𝐵 = 0.42. The more smoothly
𝑁 grows, the more accurate the estimate of 𝐵. Of the three curves shown in Fig. 3, the slowest
growth demonstrates the dependence of 𝑁(𝐵) at the pulse frequency 𝑓 = 0.24. This curve reaches
a plateau only at large 𝐵, and the number of spikes on this plateau is the maximum possible
(𝑁 = 1200) for a network of 50 oscillators at 𝑓 = 0.24. As noted in section 1, the frequency 𝑓𝑠 of
self-oscillators (1) at 𝜀 = 0.1 and 𝑎 < 1 is approximately equal to 0.24. Thus, if it is possible to

Fig. 3. Зависимости количества спайков 𝑁 , генерируемых сетью (2) за время 𝑡 = 100, от амплитуды 𝐵
внешнего импульсного воздействия 𝑦(𝑡) при 𝐷 = 0.5, 𝐿 = 50, 𝜀𝑖 = 𝜀 = 0.1, 𝑎𝑖 ∈ [1.1; 1.2715] для 𝑓 = 0.12
(синяя кривая), 𝑓 = 0.24 (красная кривая) и 𝑓 = 0.36 (зеленая кривая) (цвет online)

Fig. 3. Dependences of the number of spikes 𝑁 generated by the network (2) over time 𝑡 = 100 on the amplitude
𝐵 of external impulse action 𝑦(𝑡) at 𝐷 = 0.5, 𝐿 = 50, 𝜀𝑖 = 𝜀 = 0.1, and 𝑎𝑖 ∈ [1.1; 1.2715] for 𝑓 = 0.12 (blue line),
𝑓 = 0.24 (red line), and 𝑓 = 0.36 (green line) (color online)
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Fig. 4. Зависимости количества спайков 𝑁 , генерируемых сетью (2) за время 𝑡 = 100, от |𝐵| для случаев
однополярного (красная кривая) и двухполярного (синяя кривая) импульсного воздействия с частотой
𝑓 = 0.24. Параметры сети такие же, как для рис. 3 (цвет online)

Fig. 4. Dependences of the number of spikes 𝑁 generated by the network (2) over time 𝑡 = 100 on |𝐵| for the cases
of unipolar (red line) and bipolar (blue line) impulse action with the frequency 𝑓 = 0.24. The network parameters
are the same as for Fig. 3 (color online)

choose the frequency of exposure to the spike network, then 𝑓 ≈ 𝑓𝑠 should be used for a more
accurate estimate of 𝐵. If the frequency of the signal 𝑦(𝑡) cannot be changed, but is known in
advance, then for a more accurate estimate of 𝐵, it is necessary to select the parameters of the
oscillators in such a way that their natural frequencies are also close to the frequency of exposure
𝑓𝑠 ≈ 𝑓 .

We investigated the effectiveness of the method with different communication architectures
in a spike neural network and with a different number of connections between oscillators. It
is established that these characteristics have little effect on the accuracy of the estimation of
the amplitude of the external pulse action. The values of the coupling coefficients 𝑘𝑖,𝑗 between
the oscillators have a more significant effect on the accuracy of the method. For large 𝑘𝑖,𝑗 , the
accuracy of the method decreases, as the dependence of 𝑁(𝐵) becomes steeper, quickly moves
from the minimum to the maximum value of 𝑁 .

We compared the spike activity of a network of neural-like oscillators (2) for cases of pulse
amplitude changes from 0 to 1 and from −1 to 1.

The obtained results are illustrated by Fig. ??, on which |𝐵| is deposited along the abscissa
axis. As expected, a pulse action with an amplitude of 𝐵, varying from −1 to 1, has a more
noticeable effect on the spike activity of the network. With such a bipolar pulse action, the
threshold value 𝐵𝑝, at which the network begins to generate spikes, turns out to be less than
with a unipolar pulse action. In addition, with bipolar pulses, the number of spikes reaches a
maximum value at lower values of |𝐵| than with unipolar pulses.

2.2. Evaluation of the pulse frequency. Let us now consider the problem of estimating
the frequency 𝑓 of an external pulse signal 𝑦(𝑡), assuming that we know the amplitude of this
signal. To solve this problem, we will detuned the oscillators of the network (2) not by the
parameter 𝑎𝑖, as in section 2.1, but by the parameter 𝜀𝑖, the value of which determines the
frequency 𝑓𝑠 of periodic self-oscillations of the Fitzhugh–Nagumo oscillators (1) at 𝑎 < 1 in the
absence of external influence.

All Fitzhugh–Nagumo oscillators in the studied network of 50 elements were non-identical
and differed in the value of the parameter 𝜀𝑖, which took values from 𝜀1 = 0.02 to 𝜀50 = 0.51 in
increments of 0.01. In Fig. 5, a 𝑁(𝑓) dependencies are constructed for two different values of 𝐵
at 𝐷 = 0.5 and 𝑎𝑖 = 𝑎 = 1.1.

In contrast to the dependencies 𝑁 (𝐵), shown in Fig. 3, dependencies 𝑁 (𝑓) are not
monotonic. For different values of 𝑓 , the network can generate the same number of 𝑁 spikes. We
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Fig. 5. a — Зависимости количества спайков 𝑁 , генерируемых сетью (2) за время 𝑡 = 100, от частоты 𝑓
внешнего импульсного воздействия 𝑦(𝑡) при 𝐷 = 0.5, 𝐿 = 50, 𝑎𝑖 = 𝑎 = 1.1, 𝜀𝑖 ∈ [0.02; 0.51] для 𝐵 = 0.2 (синяя
кривая) и 𝐵 = 0.4 (красная кривая) (цвет online). b — Временная реализация 𝑢9(𝑡) при 𝜀9 = 0.1, 𝐵 = 0.4,
𝑓 = 0.13. c — Временная реализация 𝑢20(𝑡) при 𝜀20 = 0.21, 𝐵 = 0.4, 𝑓 = 0.13. d — Временная реализация
𝑢9(𝑡) при 𝜀9 = 0.1, 𝐵 = 0.4, 𝑓 = 0.44. e — Временная реализация 𝑢20(𝑡) при 𝜀20 = 0.21, 𝐵 = 0.4, 𝑓 = 0.44

Fig. 5. a — Dependences of the number of spikes 𝑁 , generated by the network (2) over time 𝑡 = 100, on the
frequency 𝑓 of external impulse action 𝑦(𝑡) at 𝐷 = 0.5, 𝐿 = 50, 𝑎𝑖 = 𝑎 = 1.1, and 𝜀𝑖 ∈ [0.02; 0.51] for 𝐵 = 0.2
(blue line) and 𝐵 = 0.4 (red line) (color online). b — Time series of 𝑢9(𝑡) at 𝜀9 = 0.1, 𝐵 = 0.4, and 𝑓 = 0.13. c —
Time series of 𝑢20(𝑡) at 𝜀20 = 0.21, 𝐵 = 0.4, and 𝑓 = 0.13. d — Time series of 𝑢9(𝑡) at 𝜀9 = 0.1, 𝐵 = 0.4, and
𝑓 = 0.44. e — Time series of 𝑢20(𝑡) at 𝜀20 = 0.21, 𝐵 = 0.4, and 𝑓 = 0.44

observed a similar pattern for a single Fitzhugh–Nagumo oscillator (see Fig. 2). Therefore, to
estimate 𝑓 , it may not be sufficient to simply count the number of spikes in the network. For
example, when 𝐵 = 0.4 the number of spikes 𝑁 = 635 can be observed both at 𝑓 = 0.13 and
at 𝑓 = 0.44 (see Fig. 5, a). In order to determine the frequency of the pulse action, additional
analysis is necessary.

We found that in the areas of dependence growth 𝑁 (𝑓) all or almost all oscillators of the
network (with the exception of oscillators with the smallest or largest values of 𝜀𝑖) generate the
same number of spikes at a fixed value of 𝑓 . In areas where the dependency is 𝑁 (𝑓) decreases,
oscillators having a large detuning relative to each other by the parameter 𝜀𝑖 demonstrate a
different number of spikes at a fixed value of 𝑓 . So, to estimate the value of 𝑓 by the number of
spikes 𝑁 in the case of ambiguity of the dependence 𝑁 (𝑓) it is necessary to additionally compare
the number of spikes 𝑁𝑖 generated by two oscillators whose parameters 𝜀𝑖 differ significantly.
With the selected range of the parameter 𝜀𝑖, you can compare 𝑁𝑖, for example, for oscillators
with 𝜀9 = 0.1 and 𝜀20 = 0.21. If for 𝑁 = 635 we have 𝑁9 = 𝑁20, then 𝑓 = 0.13, and if 𝑁9 ≠ 𝑁20,
then 𝑓 = 0.44.

In Fig. 5, b, c are the temporary implementations of the variables 𝑢9(𝑡) and 𝑢20(𝑡),
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Fig. 6. Зависимости количества спайков 𝑁 , генерируемых сетью (2) за время 𝑡 = 100, от относительной
длительности 𝐷 импульсов сигнала 𝑦(𝑡) при 𝐿 = 50, 𝜀𝑖 = 𝜀 = 0.1, 𝑎𝑖 ∈ [1.1; 1.2715]. a — 𝑓 = 0.24, 𝐵 = 0.2
(синяя кривая), 𝐵 = 0.6 (красная кривая), 𝐵 = 1 (зеленая кривая). b — 𝐵 = 0.6, 𝑓 = 0.12 (синяя кривая),
𝑓 = 0.24 (красная кривая), 𝑓 = 0.36 (зеленая кривая) (цвет online)

Fig. 6. Dependences of the number of spikes 𝑁 generated by the network (2) over time 𝑡 = 100 on the relative
duration 𝐷 of impulse signal 𝑦(𝑡) at 𝐿 = 50, 𝜀𝑖 = 𝜀 = 0.1, and 𝑎𝑖 ∈ [1.1; 1.2715]. a — 𝑓 = 0.24 and 𝐵 = 0.2 (blue
line), 𝐵 = 0.6 (red line), and 𝐵=1 (green line). b — 𝐵=0.6 and 𝑓=0.12 (blue line), 𝑓=0.24 (red line), and 𝑓=0.36
(green line) (color online)

respectively, for 𝐵 = 0.4 and 𝑓 = 0.13. On both charts, the number of spikes is the same:
𝑁9 = 𝑁20 =13. In this case, the frequency 𝑓 of the signal 𝑦(𝑡) corresponds to the ascending
branch of the dependence 𝑁 (𝑓) at 𝑁 = 635. In Fig. 5, d, e are the temporary implementations
of the variables 𝑢9(𝑡) and 𝑢20(𝑡), respectively, for 𝐵 = 0.4 and 𝑓 = 0.44. The number of spikes in
Fig. 5, d and fig. 5, e differs: 𝑁9 = 22 and 𝑁20 = 11. In this case, the frequency 𝑓 of the signal
𝑦(𝑡) corresponds to the descending branch of the dependence 𝑁 (𝑓) at 𝑁 = 635.

2.3. The effect of pulse duration on the generation of spike activity. The
spike activity of the Fitzhugh–Nagumo neural oscillator network (2) depends not only on the
amplitude and frequency of the external pulse signal 𝑦(𝑡), but also on the pulse duration.
We investigated the effect of the relative duration of 𝐷 pulses on the number of spikes generated.
The Fitzhugh–Nagumo oscillators, as in section 2.1, were detuned by the parameter 𝑎𝑖, which
took values from 𝑎1 = 1.1 to 𝑎50 = 1.2715 in increments of 0.0035. We changed the duration of
the 𝐷 pulses from 0 to 1 in 0.01 increments and for each 𝐷 we calculated the total number of
spikes generated by all 50 oscillators during the time 𝑡 = 100. In Fig. 6, a 𝑁(𝐷) dependencies
are constructed for three different values of 𝐵 at 𝑓 = 0.24 and 𝜀𝑖 = 𝜀 = 0.1.

Under the action of very short pulses, the oscillators, due to their inertia, do not have time
to generate spikes, so 𝑁 = 0 for small values of 𝐷. With an increase in 𝐷, a rapid growth of 𝑁 is
observed, and the dependencies of 𝑁 (𝐷) reach a plateau, the value of 𝑁 on which depends on
the amplitude of the pulses. In a fairly wide range of values of 𝐷, the value of 𝑁 remains the
maximum, and then decreases with the growth of 𝐷. The case 𝐷 = 1 corresponds to a constant
external force acting on the oscillators. With this effect, there is no spike activity.

In Fig. 6, b 𝑁 (𝐷) dependencies are constructed for three different values of 𝑓 at 𝐵 = 0.6.
The form of these dependencies qualitatively coincides with the graphs of 𝑁 (𝐷) in fig. 6, a.
Graphs 𝑁 (𝐷) in fig. 6, b agree well with the dependencies of 𝑁 (𝐵) in fig. 3. From Fig. 6 it
follows that, in general, it is not possible to estimate the duration of a periodic pulse effect based
on the network response. At the same time, the number of spikes generated by the network
remains constant over a wide range of 𝐷 values.
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Fig. 7. a — Зависимость количества спайков 𝑁 , генерируемых сетью из 10 радиотехнических генераторов за
время 𝑡 = 100 мс, от частоты 𝑓 внешнего импульсного воздействия при 𝐵 = 0.6 В, 𝐷 = 0.5, 𝑎𝑖 = 𝑎 = 1.1,
𝜀𝑖 ∈ [0.05; 0.56]. b — Временная реализация 𝑢4(𝑡) при 𝜀4 = 0.18 мс, 𝑓 = 120 Гц. c — Временная реализация
𝑢5(𝑡) при 𝜀5 = 0.25 мс, 𝑓 = 120 Гц. d — Временная реализация 𝑢4(𝑡) при 𝜀4 = 0.18 мс, 𝑓 = 660 Гц. e —
Временная реализация 𝑢5(𝑡) при 𝜀5 = 0.25 мс, 𝑓 = 660 Гц

Fig. 7. a — Dependence of the number of spikes 𝑁 generated by a network of 10 radio technical generators over time
𝑡 = 100 ms on the frequency 𝑓 of external impulse action at 𝐵 = 0.6 V, 𝐷 = 0.5, 𝑎𝑖 = 𝑎 = 1.1, and 𝜀𝑖 ∈ [0.05; 0.56].
b — Time series of 𝑢4(𝑡) at 𝜀4 = 0.18 ms and 𝑓 = 120 Hz. c — Time series of 𝑢5(𝑡) at 𝜀5 = 0.25 ms and 𝑓 = 120 Hz.
d — Time series of 𝑢4(𝑡) at 𝜀4 = 0.18 ms and 𝑓 = 660 Hz. e — Time series of 𝑢5(𝑡) at 𝜀5 = 0.25 ms and 𝑓 = 660 Hz

3. Estimation of parameters of external pulse action using a small network of
Fitzhugh–Nagumo oscillators in a radiophysical experiment

We have built a radio engineering installation for experimental investigation of spike
activity in a network consisting of connected non-identical neuron-like oscillators described by the
Fitzhugh–Nagumo(2) equations. The schematic diagram of the Fitzhugh–Nagumo radio generators
implemented by
by us is described in detail in [38]. In contrast to the numerical studies described above, a small
network consisting of 10 coupled generators was investigated in the radiophysical experiment. To
implement the connections between the generators, we used the approach proposed by us, which
is based on a software method for generating signals responsible for the connection between the
generators [39]. The essence of this approach is that the voltage signals from the output of each
generator are fed to the analog inputs of a multichannel analog-to-digital converter and digitized
for further processing. Then, with the help of a program on LabVIEW, the conversion of these
signals is carried out, and the signals responsible for the communication of the generators are
formed. A digitized pulse signal is added to each of the communication signals in accordance
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with the equation (2). The signals generated in this way are converted to analog form using a
multi-channel digital-to-analog converter and fed to the input of each generator.

This approach allows you to set an arbitrary architecture and the type of connections
between generators. The communication architecture was chosen in such a way that two other
generators operated on each of the generators, the numbers of which were chosen randomly.
In accordance with the model equation (2), a simple linear connection between generators is
implemented in the installation, simulating an electrical synaptic connection between neurons.
In analog modeling, such a connection corresponds to the connection of two generators via a
resistor [40,41].

First, we upset the Fitzhugh–Nagumo generators by the parameter 𝑎𝑖, which took values
from 𝑎1 = 1.1 In up to 𝑎10 = 1.28 In increments of 0.02 In. We changed the amplitude 𝐵 of the
pulse signal from 0 to 1 V in increments of 0.02 V and calculated the total number of spikes
generated by all ten generators in 100 ms at a fixed value of 𝐵. In Fig. 8 the dependence 𝑁 (𝐵) is
constructed at 𝑓 = 240 Hz, 𝐷 = 0.5, 𝜀𝑖 = 𝜀 = 0.1 ms. The values of all non-zero communication
coefficients in the network were chosen the same: 𝑘𝑖,𝑗 = 0.01. The constructed graph allows us to
estimate the unknown amplitude 𝐵 of the external pulse action by counting the number of spikes
𝑁 generated in the network. For example, if 𝑁 = 156, then 𝐵 = 0.16 B. The results obtained in
the radiophysical experiment are in good agreement with the above results of numerical studies
of a network of neural-like oscillators (2).

Then we detuned the Fitzhugh–Nagumo generators by the parameter 𝜀𝑖, which took values
from 𝜀1 = 0.05 ms to 𝜀10 = 0.56 ms. The change step of 𝜀𝑖 was uneven and was determined by the
capacitance of the available capacitors. In the experiment, we changed the frequency of the pulse
signal 𝑓 from 20 Hz to 1000 Hz in increments of 20 Hz and for each value of 𝑓 , we calculated the
total number of spikes generated by all ten generators in 100 ms. In Fig. 7, a the dependency
𝑁 (𝑓) is constructed for 𝐵 = 0.6 B, 𝐷 = 0.5, 𝑎𝑖 = 𝑎 = 1.1.

Just as in the numerical experiment, the dependence of 𝑁 (𝑓) is non-monotonic, and for
different values of 𝑓 , the network can generate the same number of spikes. For example, the
number of spikes 𝑁 = 94 can be observed in the network at 𝑓 = 120 Hz and at 𝑓 = 660 Hz. To
estimate the value of 𝑓 , you first need to calculate the total number of spikes 𝑁 in the network,
and then compare the number of spikes 𝑁𝑖 generated by two generators having different values 𝜀𝑖.
We compared the 4th and 5th generators, for which 𝜀4 = 0.18 ms and 𝜀5 = 0.25 ms, respectively.

In Fig. ??, b, c are the temporary implementations of the variables 𝑢4(𝑡) and 𝑢5(𝑡),

Fig. 8. Зависимость количества спайков 𝑁 , генерируемых сетью из 10 радиотехнических генераторов за
время 𝑡=100 мс, от амплитуды 𝐵 внешнего импульсного воздействия при 𝑓=240 Гц, 𝐷=0.5, 𝜀𝑖=𝜀=0.1 мс,
𝑎𝑖 ∈ [1.1; 1.28]

Fig. 8. Dependence of the number of spikes 𝑁 generated by a network of 10 radio technical generators over
time 𝑡 = 100 ms on the amplitude 𝐵 of external impulse action at 𝑓 = 240 Hz, 𝐷 = 0.5, 𝜀𝑖 = 𝜀 = 0.1 ms, and
𝑎𝑖 ∈ [1.1; 1.28]
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respectively, at 𝑓 = 120 Hz. On both charts, the number of spikes is the same: 𝑁4 = 𝑁5 =12.
In this case, the frequency 𝑓 of the pulse signal corresponds to the ascending branch of the
dependence 𝑁 (𝑓) at 𝑁 = 94. In Fig. ??, d, e are the temporary implementations of the variables
𝑢4(𝑡) and 𝑢5(𝑡), respectively, at 𝑓=660 Hz. The number of spikes in Fig. ??, d and fig. ??, e is
different: 𝑁4=22 and 𝑁5=11. In this case, the frequency 𝑓 of the pulse signal corresponds to the
descending branch of the dependence 𝑁 (𝑓) at 𝑁=94.

Conclusion

We have proposed a method for estimating the amplitude and frequency of the pulse action
applied to the spike neural network. Non-identical neuropodic Fitzhugh–Nagumo oscillators were
used as network elements. It is shown that the spike activity of the studied neural network
depends in a complex way on the parameters of the external periodic pulse action. Since such a
network can generate the same number of spikes with different parameters of the pulse signal,
simultaneous evaluation of all parameters of an external stimulus by the response of a neural
network is generally impossible. Therefore, we solved the problems of estimating the amplitude
and frequency of the pulse action separately.

To estimate the amplitude of the external pulse action, we detuned the oscillators of the
network according to the parameter 𝑎, which is responsible for the excitation of the oscillator,
and to estimate the frequency of the exciting pulses, we detuned the oscillators according to the
parameter 𝜀, on the value of which the natural oscillation frequency of the oscillator depends.
The proposed method is implemented in both numerical and radiophysical experiments, showing
good consistency of the results obtained. The influence of the shape and duration of external
pulses on the generation of spike activity in the network has also been investigated.

The results obtained can be in demand in robotics when solving information processing
problems related to controlling the movement of robots [19,42]. For example, spike neural networks
can be used to evaluate the characteristics of external signals recorded by sensors of a mobile
robot. Then, based on the values obtained, with the help of other control systems, the robot’s
movement mode can be changed if necessary.
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