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Abstract. This study investigates the complex dynamics of a five-dimensional artificial neural network (ANN) system with a hyperbolic tangent activation
function. The objective is to analyze the chaotic behavior and validate multi-platform implementation of the proposed system. The methodology involves
numerical simulations in MATLAB-Simulink and LabVIEW, followed by circuit design in Multisim for hardware feasibility verification. Through
systematic parameter variation, the system exhibits rich dynamical regimes, including periodic oscillations and chaos. Lyapunov exponent analysis reveals
a positive value (LE; = 0.035) and Kaplan-Yorke dimension Dky = 2.488, confirming chaotic dynamics with fractional attractor geometry. Bifurcation
diagrams demonstrate transitions between periodic and chaotic states as parameter b varies. The Multisim circuit simulation results demonstrate excellent
agreement with MATLAB-Simulink and LabVIEW outputs, confirming the system's robustness and practical implementability across different platforms
for potential applications in secure communications and cryptography.
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SYMULACJA | PROJEKTOWANIE ELEKTRONICZNE PIECIOWYMIAROWEJ
CHAOTYCZNEJ SZTUCZNEJ SIECI NEURONOWEJ

Streszczenie. W niniejszym badaniu analizowana jest ztozona dynamika pigciowymiarowego systemu sztucznej sieci neuronowej (ANN) z hiperboliczng
funkcjq aktywacji tangens. Celem jest analiza chaotycznego zachowania i walidacja wieloplatformowej implementacji proponowanedo Systemu.
Metodologia obejmuje symulacje numeryczne w MATLAB-Simulink i LabVIEW, a nastgpnie projektowanie obwodéw w Multisim w celu weryfikacji
wykonalnosci sprzetowej. Dzigki systematycznej zmianie parametroéw system wykazuje bogate rezimy dynamiczne, w tym oscylacje okresowe i chaos.
Analiza wykladnika Lyapunowa ujawnia wartosé dodatnig (LE, = 0,035) i wymiar Kaplana-Yorke'a Dxy = 2,488, potwierdzajgc chaotyczng dynamike
z frakcyjng geometrig atraktorowq. Diagramy bifurkacji pokazujg przejscia miedzy stanami okresowymi i chaotycznymi w miare zmiany parametru b.
Wyniki symulacji obwodu Multisim wykazujq doskonalq zgodnoS¢ z wynikami MATLAB-Simulink i LabVIEW, potwierdzajqc niezawodnosSc systemu

i praktyczng mozliwos¢ wdrozenia na réznych platformach do potencjalnych zastosowan w bezpiecznej komunikacji i kryptografii.

Stowa kluczowe: sztuczne sieci neuronowe, chaos, MultiSim, uktady elektroniczne
Introduction

Chaotic systems, characterized by high sensitivity to initial
conditions and complex, unpredictable behavior, have
found widespread application in secure communications
and cryptography. Systems that not only exhibit rich dynamics
but are also suitable for efficient hardware implementation
are of particular interest, as this is a key requirement for modern
applications such as loT devices and embedded security systems.

Current research in this field is advancing along several fronts:
the search for new chaotic systems with unique properties,
their verification through electronic circuits and FPGAs,
and the development of efficient encryption algorithms based
on them.

For instance, the works of Sambas et al. [6-7] actively
investigate new jerk and hyperjerk systems. These studies
demonstrate a complete cycle: from mathematical modeling
and dynamics analysis (bifurcations, Lyapunov exponents)
to implementation in Multisim and on FPGAs, followed
by application to image encryption. One of these works even
employs a Feed-Forward Neural Network (FFNN) model
to approximate the chaotic system.

The study by Bonny et al. [1] directly aligns with our work,
presenting a new 5D hyperchaotic system. The authors
also conduct its analysis, circuit implementation in Multisim,
and FPGA realization, setting a high standard for the validation
of such models. Additionally, they use an LSTM network
to predict the system's behavior, indicating a growing interest
in the synergy between neural networks and chaos.

The work of Ponnambalam et al. [5] presents a complex
encryption system based on a 3D hyperchaotic system,
successfully implemented on an ESP8266 microcontroller. This
highlights the trend towards creating lightweight and efficient
solutions suitable for real-time operation.

Despite the significant progress illustrated above, most
efforts focus on specially engineered jerk systems. Conversely,
Artificial Neural Networks (ANNSs), particularly Continuous-Time
Recurrent Neural Networks (CTRNNSs) [3], whose architecture
inherently generates complex nonlinear dynamics, remain less

explored as chaos generators for practical applications. ANNs
offer a fundamentally different, biologically-inspired approach
to generating complex signals, which could lead to systems
with novel cryptographic properties.

This study investigates the complex dynamics of a five-
dimensional artificial neural network system with a hyperbolic
tangent activation function [3, 8, 9]. The primary objective
of this work is to comprehensively analyze the chaotic behavior
and to validate the multi-platform implementation of the proposed
system. The methodology involves numerical simulations
in MATLAB-Simulink and LabVIEW, followed by circuit design
in Multisim to verify hardware feasibility.

1. Mathematical model of 5D system with ANN

In recent years, artificial neural networks have attracted
increasing attention as effective instruments for solving complex
problems, especially those related to the modelling of brain-like
dynamic processes. Among these, continuous-time recurrent
neural networks (CTRNNS) are of special interest due to their
ability to represent time-dependent processes through systems
of coupled ordinary differential equations incorporating nonlinear
activation functions, such as the hyperbolic tangent [3].
The general form of the dynamical equations governing such
a network is given by:

dx. N
—L=—bx +tanh Y wx [6))
dt =1, j=i
denotes the internal state of the

where X i-th neuron,

i
b, is its decay rate (or inverse time constant), w; are the elements

of the synaptic connection matrix, and N is the total number
of neurons in the network.

Progress in electronic circuit design has opened new avenues
for constructing hardware-based models of neural networks, which
are increasingly important in both theoretical and applied research.
Such physical implementations not only offer insight into
the mechanisms underlying biological neural systems but also
facilitate the exploration of novel architectures for artificial
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intelligence. In this context, Sprott proposed a minimal artificial
neural network configuration that exhibits chaotic dynamics,
described by a system of four coupled differential equations
of the form [9]:

d

(T’;l = tanh(x, — X,) — bx,

& _ tanh(x, + x,) —bx,

- @
—3 =tanh(x, + X, —X,) —bx,

dt

dx

d—t“ = tanh(x, — x,) —bx,

As demonstrated by Sprott [6], variation of the parameter b
in system (2) leads to qualitative changes in the dynamics, ranging
from regular and quasiperiodic to chaotic behavior. The nonli-
nearity introduced by the hyperbolic tangent function, (tanh),
which belongs to the class of sigmoid functions, imposes output
saturation within finite bounds. This prevents divergence
and ensures physically meaningful system behavior.

For the parameter value b=0.043 and initial conditions
(%(0),%,(0),%,(0), x,(0)) = (1.2,0.4,1.2,—1), the system exhibits
a chaotic attractor. In the same work [6], the Lyapunov
exponents (LE;,i=1,2,3,4) and the corresponding Kaplan-Yorke

dimension D,, were also computed, confirming the presence

of chaos, as follows:
LE, = (0.03164,0,-0.07313,-0.13051), D,, =2.43263 (3)

Building upon previous studies of low-dimensional neural
dynamics, Samuilik et al. [8] advanced the analysis by introducing
higher-dimensional artificial neural network (ANN) models.
In particular, they proposed a five-dimensional (5D) system
that generalizes the original four-dimensional structure while
preserving the essential features of nonlinear recurrent
interactions. The governing equations of the 5D ANN model
are given by:

d

d—? =tanh(x, — X,) —bx,

dx

d—tz = tanh(x, + X,) — bx,

dx

d—;:tanh(x1+x2—x4)—bx3 4)
dx

d—t“ = tanh(x, — x,) —bx,

% =tanh(x, + X, — X;) —bx,

with initial conditions
%, (0) =1.2, ,(0) = 0.4, x,(0) =1.2, x,(0) = -1, x,(0) = -1 (5)

2. Dynamical analysis

System (4) was solved in the Mathematica environment using
the following initial conditions (5). It was established [8] that
for b=0.1, system (4) exhibits periodic solutions (a limit cycle),
characterized by the Lyapunov exponent signature (0,—,—,—,-) .

In contrast, for b=0.043 (or b=0.045), the system displays
chaotic behavior, as indicated by the Lyapunov exponent signature
(+,0,—,—,—) (see Fig. 1).

Fig. 2 illustrates the trajectories of two distinct attractors
in system (4) obtained with the same parameter b=0.045
but different initial conditions, thereby demonstrating
the multistability exhibited by the chaotic system (4).

It should be noted that stable limit cycles in neural networks
correspond to rhythmic brain activity, specifically oscillations
that play a key role in cognitive processes such as attention,
memory, and sensorimotor integration. Chaotic dynamics, in turn,
is associated with the computational flexibility of neural systems
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and their ability to rapidly switch between different functional
states. Recent studies show that the brain often operates
in a metastable regime at the edge of order and chaos, which
optimizes information processing. In the context of our model,
transitions between regular and chaotic dynamics with changes
in parameter b can be considered as a simplified model
of switching between different functional regimes of the brain.

a)

2 -10]
2 -1 0 1 2 -10

X,

Fig. 1. Phase portraits of attractors in the x;x, plane of system (4) for values
of the parameter b equal: a) 0.15; b) 0.043; c) 0.045

S

-6-5-4-3-2-101 2 3

Fig. 2. Plots of two chaotic attractors in the x; x, plane of system (4) for different
initial conditions: blue (1.2, 0.4, 1.2, -1, -1) and red (1.21, 0.41, 1.21, -1.01, -1.01)
trajectories. For clarity of visualization, the red attractor is shifted by +10 units
along the x,-axis

We derive a condition under which the system (4)
is dissipative:

X, % %+8X4+%=—5b—1+tanh(x1+x4—x5)2<0
OX, OX, OX; OX, OXg
or
5b +1> (tanh(x, + X, — X,))? (6)

Given that the hyperbolic tangent function is strictly bounded
within the interval [-1,1], it follows that system (4) is dissipative

for any b>0, as the nonlinearity cannot lead to unbounded
growth. By setting the time derivatives in system (4) to zero, one
finds that the system admits a unique equilibrium point at
E(0,0,0,0,0) . To gain deeper insight into the system's dynamical
behavior, the full Lyapunov spectrum was computed using the
Benettin-Wolf algorithm with Gram-Schmidt orthonormalization.
To validate this methodology in Mathematica, we calculated
all Lyapunov exponents for the Sprott system (2) with

initial  conditions  (x.(0), x,(0), X;(0),x,(0)) = (1.2,0.4,1.2,-1)
in the following form:
LE; = (0.035,0,-0.085,-0.127) @)

A comparison between expressions (3) and (7) demonstrates
good agreement with the results of Sprott [9]. Using this approach,
we calculated all Lyapunov exponents and the Kaplan-Yorke
dimension for system (4) with initial conditions (5) at b=0.043
in the following form:

LE, =(0.035,0,-0.085,-0.127,-0.697) , D,, =2.488 (8)

Interestingly, the Kaplan-Yorke dimension computed
for b=0.043 exceeds that for b=0.045 namely,
Dyy lb-0043> Dy lb-0oss=2.386  indicating a more complex
underlying attractor despite the smaller parameter value.
To investigate the local stability of the equilibrium point
E(0,0,0,0,0) , we derived the characteristic equation of system

(3) for b =0.043. The resulting eigenvalue spectrum A4,,,,s

consists of one negative real root and a pair of complex-conjugate
roots, one of which possesses a positive real part:
A =-1.043, 1,,=-0.246+i1.664 , 1, =0.160+i0.560
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Fig. 3. a) Poincare section in the X,X, — plane for (4) with b =0.043 and x; = 0;
b) bifurcation plot of x, component for (4) as b increases

This spectral configuration identifies the equilibrium
as a saddle-focus, confirming its linear instability. Such instability
is a hallmark of self-excited chaotic attractors, wherein the system
trajectories emerge from the vicinity of the equilibrium before
evolving into a bounded, chaotic regime. The corresponding
chaotic attractor is depicted in Fig. 1la, while its Poincaré sections
in the xx,-plane for x,=0 are shown in Fig. 3a, revealing

a complex internal structure. To provide a broader picture
of the system's response to parameter variation, bifurcation
diagrams were constructed as functions of the control parameter
b (see Fig. 3b). These diagrams clearly reveal the alternation
between periodic, quasi-periodic, and chaotic regimes
of the five-dimensional neural model.

3. Computer modelling and electronic circuit
design

In this section, we use computer simulations to analyse
the dynamics of a five-dimensional (5D) artificial neural network
(ANN) chaotic system. Simulations are conducted in Simulink
and LabVIEW, both visual design environments for modelling
chaotic oscillators.  Additionally, the 5D ANN chaotic
system is successfully implemented in the Multisim environment,
confirming its feasibility for hardware realization.
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3.1. MATLAB-Simulink model

To perform numerical simulations of system (4) for the five-
dimensional (5D) artificial neural network (ANN) system,
we set the simulation time to t = 2000 s in MATLAB-Simulink.
Simulink, integrated within MATLAB, provides a graphical
user interface (GUI) and an extensive library for modelling
and simulating various systems. Known for its intuitive design,
it facilitates the analysis and control of analog, digital, and mixed
systems while ensuring seamless integration of input and output
signals with the MATLAB environment [4]. Using Simulink
blocks, as shown in Fig. 4, we constructed a simulation model
of system (4), incorporating the hyperbolic tangent activation
function. The model consists of ten adder and subtractor blocks,
five hyperbolic tangent function blocks, five gain blocks, and five
integrator blocks from the Simulink math library. The gain blocks
store the fixed parameter b values of system (4).

The simulation results, presented in Fig. 5, display two-
dimensional phase portraits of strange chaotic attractors.
These phase portraits exhibit strong similarity to those
obtained using the Mathematica environment (see Fig. 1b).
In  MATLAB-Simulink, we employed the ode45 solver
with variable step size (maximum 0.01), relative tolerance of 1e-6,
and absolute tolerance of 1le-8.

3.2. LabVIEW model

In various engineering applications, LabVIEW is widely
used alongside MATLAB-Simulink as a visual development
environment. Fig. 6 presents a block diagram of the five-
dimensional (5D) artificial neural network (ANN) chaotic system
described by system (4). Our model utilizes the Control
& Simulation and Formula Node toolboxes. The Formula Node
is employed to define the right-hand sides of system (4) using
the C programming language. The system equations are nume-
rically solved using the Euler method, whose computational
simplicity makes it well-suited for microcontroller programming.
By replacing function blocks with a Formula Node, the block
diagram is significantly simplified. Time derivative integration
is performed using Integrator blocks from the Continuous palette.
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Fig. 4. MATLAB-Simulink model for system (4). Here the state variables X, Y, Z, U, V correspond to X;, X, X5, X,, X5 from system (4), respectively
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Fig. 5. Phase portraits of chaotic attractors obtained in the MATLAB-Simulink model

Fig. 7 displays the software interface illustrating the chaotic
solutions of system (4) within the LabVIEW model. The simul-
ation results are presented as phase portraits on the planes:
X Xo, X Xgs X Xg0 X Xs, XoXs, XgXss XoX,, XgX,, X Xg, USING the initial
conditions (5). A comparison of the phase portraits in Fig. 4
and Fig. 7 demonstrates a strong similarity between the chaotic
system simulations in MATLAB-Simulink and LabVIEW,
confirming the consistency of the results across both
platforms. In LabVIEW, the Euler method with a fixed step
size of 0.001 was used. The LabVIEW-simulated time
series of Xx,X,,X;,%,,% exhibit an aperiodic structure,
a key characteristic of chaotic systems. As shown in Fig. 8,
the dynamic variables x; remain within the operational amplifiers'

power supply limits (15 V), ensuring stable and reliable circuit
operation.
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Fig. 7. Phase portraits in various planes obtained in LabVIEW. Here, the symbols
X1, X2, etc., correspond to X, X,, etc., from system (4)
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Fig. 8. Temporal diagrams of the different coordinates simulated in LabVIEW
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Fig. 6. Block diagram of the system (4) in LabVIEW

2.3. Electronic circuit implementation

The analog implementation of neurons and neural networks
offers significant potential for artificial intelligence applications.
In this section, we design an electronic circuit to realize
the five-dimensional (5D) artificial neural network (ANN).
The design leverages operational amplifiers and established
electronic circuits to implement the hyperbolic tangent

function [2]. The electronic circuit is assembled from ordinary
components  (resistors,  capacitors,  multipliers,  diodes,
and operational amplifiers) available in abundance in the Multisim
environment library. In this implementation, the state
variables of the dynamic system (4) are represented
as electrical signals, corresponding to the instantaneous voltage
values across capacitors C;, C, Cs; C4 Cs denoted

as u,(7),u,(7),uy(7),u,(7),us(z) .
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Then, in accordance with Kirchhoff's laws for electrical
circuits, we can write the electrical analogue of the system (4) as
1% = —i+ita\nh(u4 —-u,)
dr R, R,

2% = —kJritanh(u1 +u,)
dr R, R,

du, u, 1
—2=—24+ —tanh(u,+u,—u 9
“ar T R R (u; +u, —u,) C)

au, _ —u—“+itamh(u3 —-u,)

4 dr R7 Rs
du u, 1

s —2 = ——> 4+ —tanh(u, +u, — ;)
dT 9 10

where R; represent resistors, C, represent capacitors, and z = t,t .
We normalize the resistor as Ry=100kQ and the capacitor
as Co = 0.15 nF, giving a time constant of ty = RyCo = 1.5-10°s.
The state variables of the system (9) are rescaled as follows:

U, =Ug XU, =U X2,Uy = U Xs,u, =U X, us =Ugxs  (10)
We are introducing K = UOK', where K is a scaling coefficient
for the multiplier. Here, X, X,, %, X,, X, are dimensionless
variables for which equations (9) take a form similar to system (4).
U, is a constant value that has the dimension of normalizing
voltage.

By substituting R,, C,=C,=C,=C,=C,=C, and K'=10
into system (9) and comparing the numerical values of the output
voltages in (9) and (4) for the parameter value b =0.043,
we determine the values of the electronic circuit resistors

as follows:
R(1,3,5,7,9) =2.326 MQ, R(2'4'6'3'10) =100 kQ

tanh(s))

lunh(S:)

tanh(s))

R,

R, § unh(SJ

Fig. 9. Circuit modules implemented based on a system of equations (9)

VDD

Fig. 10. Circuit scheme for realization of hyperbolic tangent function
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Fig. 9 illustrates the analog circuit modules corresponding
to the equations in system (4). These circuits are built using
standard electronic components, including resistors (R), capacitors
(C), operational amplifiers (A1-A27, TLO84ACN), and a supply
voltage of +15V. Fig. 10 presents the electronic circuits used
to implement the hyperbolic tangent function [2]. As shown
in Fig. 10, the equivalent circuit for the hyperbolic tangent
function consists of two MPS2222 transistors (Q1 and Q2),
two TLOB4ACN operational amplifiers, a current source
I, =11mA, and several resistors. The simulation results

of the circuit model are shown in Fig. 11. A comparison reveals
that the outputs from Multisim closely align with those obtained
from MATLAB-Simulink (Fig. 5) and LabVIEW (Fig. 7),
confirming the consistency of the system’s chaotic behavior across
different simulation environments.

a) b) c)

Fig. 11. Attractors of system (6) derived by Multisim oscilloscope

4. Conclusion

In this paper, we analyzed the dynamics of a five-dimensional
(5D) artificial neural network (ANN) chaotic system based
on the hyperbolic tangent sigmoidal function. We investigated
key properties, including bifurcation behavior, Lyapunov
exponents, and the Kaplan-Yorke dimension, alongside a detailed
examination of phase portraits. Numerical simulations were
conducted using Matlab-Simulink and LabVIEW to explore
the system's nonlinear dynamics. Phase portraits obtained from
these simulations confirm that the system exhibits complex
chaotic oscillations at specific control parameter values.
Furthermore, we designed an electronic circuit to implement
a chaos generator based on the 5D ANN system and validated
its performance through Multisim simulations.

The proposed 5D chaotic system offers unique advantages
for high-security cryptographic applications, where the five-
dimensional phase space provides superior complexity compared
to lower-dimensional systems. Additionally, the multiple
coexisting attractors can serve as memory states in associative
memory and pattern recognition tasks. Future work will focus
on the hardware realization of this system and its potential
applications.

Acknowledgments

The authors gratefully acknowledge the anonymous reviewers
for their valuable feedback, which helped improve the manuscript.



p-ISSN 2083-0157, e-ISSN 2391-6761

References

[t

[21

[3]
[41
[5]

[6]

[71

[8]

[9]

Bonny, T., Vaidyanathan, S., Al Nassan, W., Sambas, A., Hannachi, F.,
Alrahhal, M., & Aruna, C. (2025). A New 5-D Hyperchaotic System With
a Line Equilibrium, Its Bifurcation Analysis, Circuit Simulation, FPGA
Implementation, and Data Prediction Using Long-Term-Short Memory. IEEE
Access, 13, 121918-121934. https://doi.org/10.1109/ACCESS.2025.3587732
Deng, Q., Wang, C., & Lin, H. (2024). Memristive Hopfield neural network
dynamics with heterogeneous activation functions and its application. Chaos,
Solitons & Fractals, 178, 114387. https://doi.org/10.1016/j.cha0s.2023.114387
Haykin, S. S. (1999). Neural networks: A comprehensive foundation (2nd ed).
Prentice Hall.

Karris, S. T. (2006). Introduction to Simulink with Engineering Applications.
Orchard Publications.

Ponnambalam, M., Ponnambalam, M., Ghazalah, S. A., & Sambas, A. (2025).
Hybrid inter woven scrambling with spiral shell 3D hyperchaotic diffusion
for secure color image encryption. Nonlinear Dynamics, 113(19), 26867-26897.
https://doi.org/10.1007/s11071-025-11460-1

Sambas, A., Miroslav, M., Vaidyanathan, S., Ovilla-Martinez, B., Tlelo-Cuautle,
E., El-Latif, A. A. A, Abd-El-Atty, B., Benkouide, K., & Bonny, T. (2024).
A New Hyperjerk System With a Half Line Equilibrium: Multistability, Period
Doubling Reversals, Antimonotonocity, Electronic Circuit, FPGA Design,
and an Application to Image Encryption. IEEE Access, 12, 9177-9194.
https://doi.org/10.1109/ACCESS.2024.3351693

Sambas, A., Zhang, X., Moghrabi, I. A. R., Vaidyanathan, S., Benkouider, K.,
Algin, M., Koyuncu, 1., Tuna, M., Sulaiman, I. M., Mohamed, M. A.,
& Johansyah, M. D. (2024). ANN-based chaotic PRNG in the novel jerk chaotic
system and its application for the image encryption via 2-D Hilbert curve.
Scientific Reports, 14(1), 29602. https://doi.org/10.1038/s41598-024-80969-z
Samuilik, 1., Sadyrbaev, F., & Atslega, S. (2023, maja 24). On mathematical
models of artificial neural networks. 22nd International
Scientific Conference Engineering for Rural Development.
https://doi.org/10.22616/ERDev.2023.22. TF007

Sprott, J. C. (2008). Chaotic dynamics on large networks. Chaos:
An Interdisciplinary Journal of Nonlinear Science, 18(2), 023135.
https://doi.org/10.1063/1.2945229

IAPGOS 1/2026

Ph.D. Michael Kopp
e-mail: michaelkopp0165@gmail.com

Institute  for Single Crystals, NAS Ukraine,
Department of Theory of Condensed Matter. Ph.D.,
senior research associate.

His current research focuses on nonlinear dynamics,
chaos theory, fractals, and nonlinear physics. Author
of nearly 130 publications.

https://orcid.org/0000-0001-7457-3272

Ph.D. Inna Samuilik
e-mail: inna.samuilika@rtu.lv

Riga Technical University, Institute of Applied
Mathematics; Daugavpils University, Department
of technology. Ph.D. math, assistant professor,
researcher.

Her current research focuses on nonlinear dynamics,
chaos theory and mathematical modeling. Author
of nearly 50 publications.

https://orcid.org/0000-0002-8892-5715



https://doi.org/10.1109/ACCESS.2025.3587732
https://doi.org/10.1016/j.chaos.2023.114387
https://doi.org/10.1007/s11071-025-11460-1
https://doi.org/10.1109/ACCESS.2024.3351693
https://doi.org/10.1038/s41598-024-80969-z
https://doi.org/10.22616/ERDev.2023.22.TF007
https://doi.org/10.1063/1.2945229
https://orcid.org/0000-0001-7457-3272
https://orcid.org/0000-0002-8892-5715

