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Abstract QN

The processing and transmission of infi@fiof in a biological brain iassured byheneurons,

which communicate together or pr s information through the emission of electrical impulses

(called action potential¥-or t S potential differenceccurs bothbetween neurons
and between the innand o embranes ofraindividualneuron. Due to this, the biological
neural network is con bjectedo intricateelectromagneticonditions In this study a

nortpolynomial m %or iemployed to simulattheimpactof electromagneticadiationon
an improved Qeuroﬁrom thetheoreticalinvestigations carried out, the systshows
both stablee%nstable dynaméepenling on the value obne ofits speific parameters
Results {from numerical analysegncover that the improved Rulkov neuronnder
ele?égnetic radtion can exhibit richand diversifieddynamicssuch as seléxcited and
hidden attractorsgvolving from regular to chaotic motionls addition, for certainspecific
values ofts parametes, interestingand intriguingfeatures suchsantimonotonicity(i.e. bubble
like bifurcation)andoffset boostingrerevealed Furthermore, physical results obtained from
breadboard experimés carried outusingan Arduino ue microcontrollerboardcorroborate
with numerically obtainedindings The improved Rulkovneuron is finally exploited to
generate random bitnd NIST test is performed to confirm the unpredictéédeures of the

generated bits.
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1. Introduction

Neuromorphic computing marks a significant breakthrough in artificial intelligence and data
handling [23]. This paradigm emulates the architecture and tipagd principles of the human
brain, leveraging synthetic neurons and synapses in both physical and digital s @% to manage
and interpret informatiom6]. The brain is the cerglorgan of the nervous sy. onsible
for the sensory information integration and the transmission of motor @YFQ]eSt can
manage and treat more thidnousands of pieces information in a ve rt length of time,
which makesit the most complex structure known. One of the g sivations in science
is the conception of artificial systems capable of mimickipg nctioning of the[ boald].
However, given the numerous difficulties faced in %Mdy and understanding of brain
functions, most of the artificial systems develope an only simulate sonfenctions
of a biological brainSome important ofritese Sy, t& includke Hopfeld Neural Network
(HNN) [12], which becauseof its pronou ce@}nearcharacteristics and adaptabilitig
broadly used to model intricate dynam@atterns in the brain and more particularly those of
a chaotic natureThe FitzZHughNagumoneuron mode[13,14], that was modeletb define
neuronal responsiveness andﬁ? agtivityeRulkov neuromodel[15,14, which simulates
the spiking firings of a br@; great variety ofArtificial Neural Networks(ANN) and

r

neuronmodelsare foun ature, each presenting interesting behaviors and particularities

on brainfunction.In of ameliorating our understanding of brain functions and by analogy

neurological di d@se ANNs are continuously developed, studiedirmpdoved Among
the propos s found in literature, we have the Rulkov neuron whieheuron model
compos@}) dwo-dimensionaldiscrete mapgcapable of simulatinghe firing and spiking
dyn?gs observed in biological neurdd$,16] It is a morerecentmodel of ANNs and
becalise ats discrete naturenaking it difficult for such a model to be usedhe development
of neuromorphic circuitsthe model was not of much inter¢$¥]. However,an uninterupted
formulation of the Rulkov neuron wagresentedin [18], whose limitations to practical
engineering applications due toultiplication termsfound in the modelwere revised by
Shaoshua and itoworkerg[17] by replacing thenorinear function with multiple expensive
multipliers by amultiplier-free notinear function.Using a flux controlled memristothe

authorsexplored the dynamics of this improved Rulkov neunoodel underthe effects of
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electromagnetic induction and exterpatiodic stimulusThis improved Rulkowneuron being

a more practically applicable model, the interest for the Rulkov neuron is seen to be renewed.
Notably, important dynamics of this modaich as theoexistence of chaotic and periodic
firing dynamicswere disclosedn [19], and the model afipd to information pattem It is

known from literature that external stimuli have a great influence on the dynamics of ANNs as
many of them are found to describe richer dynamics when exposed to these Tdusors.

investigatech memristive synapse weighNN modelinfluenced b;electromagnetw
o

rather seen for Hopfield field nedraetworks like in[20] where,Wan aml its copartners
hction

and electromagnetitadiation, whichis found to describe siable patternand\g rollable

introduced and the intensity of the electromagnetic radiati@ increased. Experimental study
is pointed out to support the computational resdultiZ&x ualneuron system emerged
through the interconnection of distinct Rulkov neu sing a memory element, investigating
the impact of memristive electromagnetic incﬁ&@ proposedmnodelis examined by the
authors Simulation findings demonstrat tl@he model under consideration generates fixed
points periodic and chaotic attractors, chaos crigisigenbaum bifurcation and extreme
multistability depending on the initﬁ%fltes of the memristorgateld ion conentration.They
investigated also the phasgn atiorof the two Rulkov neuronggardinghe memristor
coupling strength and its inttigtate The numerical simulations suggested that the neurons are

in phasevhen the mem coupling strengtihd its initial conditiorare increased. The work

is endeddy performi perimentastudy, which validated the numerical finding®eference

[23] investigat screte memristive Rulkov neuron model affected by magnetic induction.
The author@ onsted that the model has complicated dynamics such as regime transition
behavio@transient chaos, bursting regimes, and hyperchaotic states. They validated the
sim?’n findings by carryingut an experimeal study.Ding with its colleaguef4] studied

a Rulkov type system affected by external electromagnetic expdheg.demonstrated that

the model displaymany kinds ocomplicateddynamicbehaviorsARM-based digital circuit
implementation and image encryption are carried out not only idatal the numerical
simulations, but also to prove the applicability of the mddspired byall these workand the
importance oélectromagneticadiation ordynamical behaviors afeuronsthis paper isimed

at exploringthe effects oklectromagnetic radiatiamsing a norpolynomial memristoon the

dynamic behaviorsf the improved Rulkov neuroAs contribution, this work:
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- Designs a memristive improved Rulkov neuron based on golgnomial memristor
used toemulate the effestof eectromagneticadiation.

- Studies the basic properties and bounded analysis of the elaborated memristive
improved Rulkowneuron.

- Simulates numericallythe elaborated model and disclosis rich and diversified
dynamical patterns including selftriggered and concealed firings, adatation
amplification behavioandbubblelike bifurcation

- Implements theintrodueed model oto an Arduino Due microcontrol ereby
obtaining an electronic circuit capable of reproducing the dynamﬁgq the studied

model.

The rest of this pagr is organized as follows: Ire§tion Il, theme& |mproved Rulkov
neuron modeis presented followed by the analysis of the st quilibrium points and
its bounded analysis$ection Il outlines the dynamic beh ofthedel using numerical
simulations. This idollowed in Section IV by the vali )gdnof the memristive enhanced
Rulkov systenvia adigital card This step is esgn@%alidating the numerical restitis

application of theproposedmemristive improgA lkov neuron modelRandom Number

Generator is desdred in Section VSecti cludeghe paper.

2. Design of the improved Rulkov neuron under electromagnetic radiation its
stability and bounded

2.1. Overview of the impro@Rulkov neuron incorporating a multiplier -free non-linear

function
X

The continuouﬂv neuron as proposed by Xu. €1l is expresseds follows:

édx _ /
Td’%% o )

where the excitability of the neurons and signal transmission are both controlled by the positive
constantsa, b and s . The continuous time versioof Rulkov neuronis considerechere
becauset can perfectly represent reabrld physical phenomena. It is more flexible and has
inherent mathematical eleganceabidition, it has the best correspondence with the needs and

conception of integrated neuromorphic circuits contrarily to the discrete time niduel.



neuronalmembrane potentialongsidethe recovery variable of the neuroissrespectively

represented bthe currentsx and y .

The transkr function given by the ndinear function 1/(1+x*) brings difficulties in

engineering application of such a model. This was corrected by Shaoshuatet pfoposed
an enhancednodel of the Rulkov ngon incorporatinga multiplierfree nofinear transfer

function expressed add(x) = -tanh(a| )4) B, with tunable parametera and b uied to

correspond with the initialorlinear functionas showras [17] R O

gdx

i, -aH(X) -x ¥ Q

fdr (bi @

I
Tdy— DX

fdr N &g

o
As a primary criterion, theninimal Root Mean Square E&A’SB)achievedor a=05
and b=1 when assessing the performance betwe original and muftipéeiunction

using the RMSE, by sorting out the optimal fiﬂi&%&rame{tb?}s
2.2. Description and characterization of C)polynomial memristor

While modelingANNs subjected t@niexternal factor sth as electromagnetic radiatiche

use ofmemristos is essentiaws ecause an electromagnetic induction current can be

produced via the controll%noton of charged ions by the established electromagnetic field
e

when a neuronis subje@
memory compoantto'Qe

lectromagnetic radiatiof25]. This makes it possible for a

ployed to characterize thelationshipbetween magnetic flux and

membrane pot for which the magnetic flux across the membrane paseoatiasidered
as the eff ctromagnetic radiati¢pn3]. In this paper, we made use ai@polynomial
memristor recently introduced and used by Yu gbaxploretheinfluenceof electromagnetic

rad?end memristive synapse weigig on a Hopfield neural network, from where
controllablesingle and multiple direction multiscrolise dsclosed[26]. The main advantage
of this memristor model is its smoothness and continuftich ensures a better stability. In
addition to this, it offers a constant level of computational complexity, showosgter non
linear dynamiccompared to polynomial memristors, whigtakesit a more accurate model
closer to synaptic plasticiticcording to hememristor theory, thison-polynomialmemristor

model is designeds expressed belo\®6]:



el =WV,

TW(%) = b +cf( 3 3)
tx=dv, -€(3

with the memductanaepresented bW(X) . The state variablex, defines the internatate of

the memristor whiléb, ¢, d and e areits parametersThe memristive internal state is given

by f(x) which can be an odd even furction having the following expressiaas described

in [26]: (2’
%ZpAnme- 2M_, X >E—m '&
>

m

|
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for its even form &@

with A, F, a&describng parameters ofhe function The norpolynomial memristor
utilized in tRis study is deradfrom the even form of the functiofi (x) . Its characteristicare
de ns@ed through the visualizationitsfcharacteristiccurves This goal isachievedby

ex the memristor with sinusoidal signal in the form, = Asin( 2o ft). Parameterd\ and

f are respectively, thamplitudeand freguencyof the excitationsignal Figure 1 showshe

features of the memory componemtder consideration for fixed values of system parameters

and initial conditions.

FromFigures 1(a) and 1(bit is observe thatan increase ithe amplitudeA of the excitation

signalleads to a corresponding increasé-V characteristicsWhile, in Figures 1(b) and 1(b),



it is remarkedthatthere is a decrease |-V characteristicsvith increasing frequenci of the

excitation signalThese figures crogbe origin anddescribe the shape of eighthich is the
signature of the memristoAs observed in Fig.1c, the memristor demonstratesvodatility,
enabling data retention even without a power supiitgse resultfit with the characteristics

of a memristor.

3.3. The improved Rulkov neuron under electromagnetic radiation (b'

For a clearer and easier understanding, Figure 2 presents a topology dia Qf the improved
Rulkov neuron model under electromagnetic radiation.

Using the non-polynomial memristordescribed abovethe improv@ kowneuron as
presented b¥g. (2) is expogd to electromagnetic radiatidnom W% rm

neuron under electromagnetic radiation is established as:

?X:a( tanh( 0.5x)) a) X- Y+l + Kk br cf( 3} 0

ly- >

| y - -bx -S @ (6)
[

proved Rulkov

I[z:dx -ef( 2

with an external stimulus current,,, = ASi t). The term kx( b+ cf( z)) is the current

induced because ofthe memristive{ electromagnetic radiatiowhere k representsthe
electromagneticnduction stre

4.4. Bounded analysis @b

Using the Lyapuagtability analysis method, the ability of the studie@infaslexpressed in
Eqg. 6) to perf chaotic behaviors is evaluated. Frotyapunov function which is both

positive @Qinite formulatedas:

1
V(R Y. —E(f +y  #) (7)
whereV (X, Yy, 2 > 0. The time derivativés calculated as:
V(X Y, 9= % +yy # )
Substituing Eq. (6) into Eq. (8), we have
Vixy,d=axH 3y -@ kD k xy b-xy sy ) x kéx{f)z dxz+¢z] 9)



where H(x) = -tanh( O$x1) 1. The cubic termkcX f(2 being a cubic termit exceeds the

magnitude ofthe quadratic terpresulting in the absence of apper bound wherz surpasses

a specifichreshold To ensure the system remabwundedn this scenariplet zi (L, L) and
keX f(+ dxz- ezf )z [¢ kd °x| +6| X & where & and & are respectively the

maximum values off (z)| and |z|. Eq (9) therebybecomes:

V(xy, )= (a HR+|db +L,) x [1 kb | kel X xy by y-e|ab (b'

% (a+ld b)) O 54 Zoxa. takd g
¢-é§/1kb k o) 6 &y QX Apy B
3 il 21 kb Jka]) 8 €2 i @ 8@

&

>
(a+|d 47 +Iext) +%2 _:43. 8 52 _1_ea|b x‘

&x‘b‘ (10
with 0¢ H (x) = tanh(0.54 ) ,Q

For V(x, ¥, 2= 0 and |kca| < kb, aclosed polyh.e& M, will existas

a A 2. o 2
S fea]x 208 ) Q 8 0 3
2\/1 kb {kea])4° =26 :
¢ (11)
(et o) 5 & oan

4(1- kb |kta|) b,

..ZI' !
Therefore Wherf $| " , acertainpolyhedronm, existinside ofanotherpolyhedronM

Bk

, such that \@ .y, 2) liesat the exterioof m, V(X ¥, 2 <0 and when found at the interior
of y, 2>0. This reveab that V reachesits highestvalue on m denoted W.
Contquentl,ythe set{(x, y, 2| Ve \}v serves as the ultimat®unded and forward invariant

regionof the systemensuring thehaotic trajectories remanestrictedwithin this region
2.5. Equilibrium point sand analysis of theirstability

Theoretical studies of the dynamics of the model under investigation are contycted
analyzingits equilibrium points This is done ¥ setting the éft side ofrelation5 to 0, from

where the following system is obtained



,Iéx* - 5

- b

{y* :a(tanh( O$x‘) ) k1, ki(—(b cf(iz)) (12)
l

lf f (z) =% X

with 1., =Asin( 2o ft).

We observe that the system possesses a fixed state that varies over y'hiephfdes@ne

dependent variable influenced by external periodic stirhyyli ¢ O

A linearization ofrelation 6 around itsfixed points as descriled in Eq. (1 mits us to
analyze the stability of the equilibrium points of gystem|If s =0, aiigébbintis obtaired

fromEq.(12) asE=(0, & 0), from wherethe corresponding bian matomputed

ext '

at the systemods equi:llbrw@state i's express
&1 &b 1 O
=2 4 00 'Q (13)
2. oo X
Based on the Jacobian matrixg tharact t|@lat|ons
p(/)= g% {1 kb) /+ 5 (14)
When p(/) =0, we obtainthe thr envalues , , as
- kb) ( ) 4
/,=0, L, = (15)

Given thatwe ha\?zeroelgenvalueandthenonzero eigenvalueare twq the equilibrium
point E, can ied as eithamstable or critically stabl@he eigenvalues and the related
stability odel for some discrete values of param&tare presented in Table 1.

Stabili

bserved in the systeor Values ofs <0, where both eigenvalues possess negative
real \parts Conversely instability is described in the systefar values of s >0, asthe
eigenvalues have positive real parts.

From these analyses, taehaned Rulkov neuron modslbjectedo electromagnetic radiation

is seen to be capable of exhibiting hidden andesatfted firings hat will respectively originate
from its gable and unstable fixed pointsn&e hidden attracts are generally observed for
nonlinear systems with stabfixed points, those with an indefinite number of stationary points

and finally, systems with no stationary poifit®], andrelation6 is of the second category.



This implies that the improved Rulkov neuron modrlbjected tceelectromagnetic radiation
will generate hidden or sedkcited attractordepending otthe value of parametex , negative

or positive.

3. Numericalinvest i gati on oflynamite syst emods

The well-known RK4 algorithm isusedfor the numerical investigationmaintaining astep
sizeof 0.001 throughout eacliteration, this paperadopts the values df, 0.5 an the

o
parametersA , F, and N, that characterizes thaternal state functiof th mristar

Unless otherwisespecified the starting conditions areset as(X,, Y, %, , -0.1. The

dynamicbehaviors of the modalre investigated using tlsame m explor[ed 830,
such amneanddoubledimensional parametdifurcationplots_Lyapdinov exponents, phase
portraits and time seriesThe behaviorof the model is mx&‘é&ted with the help of some
dynamical tools includinglD and 2Dbifurcation dia aximum Lyapunov exponent
(MLE), phase portrait and tinseries. @

3.1. Bifurcation analysis C}

computingthe two parameter

The regions in which the various firing |t|es of the system are observed are illustrated by
Q%agraimlstheplanes(A a), (A s) and(a, s for

which Al [ -12, 13, ai | ndsl [ 0.5, 1.3. The resultsobtainedare shown in
Figure 3 for system ters takas a =10, 6 =5, A=1, f =1, s=0, k=0.5,
b=0.58, ¢=0.02,

indicating chaaoti

and e=1.1. Two main colors are identified: redfor MLE>0

viorsand blugfor MLE<O suggesting periodic orbits

The two eter charts for the plafés s) and (a, s clearly illustrates the regions in

whw idderffor negative values of the parameterand selexcited(for positive values
of the-parametes ) attractors of the system are foulriodic behaviors are claaterized by
blue color, while chaotic dynamicare described with redolor. This resultagreeswith the

analysis carried out on the stability of the model.

The system parameterd, a, b, and f , are individually varied in appropriate ranges to

obtainbifurcationdiagrams describing the evolution of the system according to each of these
parametersKeeping allother paameter at their original valuéhe following parameterdA,
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a,b, and f areadjusted in the interval-12 ¢A 12, 5¢a @2t 2¢4H 2, and

0¢ f d¢.5. Figure4 showsvarious bifurcation diagrams obtained for each paramétetheir
corresponding MLERgure 4a(i) describsa symmetric and butterfighaged bifurcationwhich
occurswith variationsin parameterA, wherethe nodeltransitionsfrom aregularto random
behavior approachingrom both directions, right (atL0.5)left (at 10.5)via regularperiodc
spiking patternsA slightly similar phenomenon is observed with variations of parameter
shown in Figure 4a(iii). Figure 4a(ii) ané@dv) shows a forward and respectively kward
evolution of the system to chaos. The corresponilibg of eachvariedparameteis llu a(@

by Figures 4b(i) to b(iv) andeffectivdy verifies the behaviors of the system %{espect to the
said parameters G
ConsiceringparameterA=1.5, with all the other parameteusich e Rulkov neurod s
chaotic phase portraits when exposedaltex:tromagnetlcrad|at nare” obtainedas shown in
Figure 5

From Figure 5one can confirm the complexity of t@ oved Rulkov neuron model under

the electromagnetic induction.
3.2. Offset boosting

Looking closely atrelation 6, we ca seaayt is exclusively present in the model's first

equation.Thus, the improved R neuron model under electromagnetic induction
%S Is achievedby adjustingthe amplitudeof the state

perform offset boostingfeatur
variabley through the add ad control parameter axpressedelow:

é)’(:a tanh( 0 %\’ (y+ B)+ Asit pf) k>( b+ cf )Z)

1y= bx -S (16)
i

~z=dx e

|

Su ngeoffers controllable capabilities within the system without hinderingniyp way

its dynamics. Theespectivebifurcation diagrars of the state variablg in relationto the
system parameteré\ and 6 arepresentedn Figures 6a andlf for a =10, A=1, f =1,

s=0andk=0.5.

It is noticed that fosomediscretevalues ofB, , the dynamicsf the systenundegoes a vertical

adjustment which caaitherbe positive or negativelependingon thevalue of B, . Figure7
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further illustrates this as the position of the phaeerait ofrelation6 is seen to badjusable

by the controlparameteB, that causes thstate variabley to increase in positiver negative

directionsdepending on whether the valuel§f is negative opositiverespectively.

Figures 8a and 8b respectively illustrates temporatequencef the state variablg and the
meanvalues of the state variables, y and zas a function of the offset boosting parameter
B, . In Figure &, y the statevariableis adjusedfor certainvaluesof the control parametds,

. From Figure 8b, weemark that only the mean value Wdecreaselinearlyas@ offset
boosting parameteB, takes on increasing negative valuasd increasg(lifgarly as the

parameterrises in positive valuesThesefindings furthercorrobor& ffset boosting
featuresf the systemas seen for the bifurcatiahagram in kgure 6 e phase portraits in
Figure 7 The offset boosting behavior has been revealgsby NN model$31-33] and

other dynamical systems suchd@s chaotic circuif34], no @ﬁbrium chaotic circujB5] and

snap chaotic circu36]. Q

This is also callethubblelike bifurcation ers to the creation followed by the destruction
of periodic orbitsof a dynamic syﬁ?]. As a result of consecutive periodeation and

3.3. Antimonotonicity

destruction in a ndimear systewpr ess gheriod splitting andts inverseoccurs leading
to the emergence qn‘eriodiatict esin the modelThis is disclosed ithe modelby plotting
the local maximunof th variablex, againstthe parametersA and 6 of the system

acrossspecificvalu arametem . Theresults obtainedre shown by igures 9 and 10

Forremergin @g aum tregymmetric primary bubbles are obtaingden parametefjs
used for@ .8, symmetric periodl bubbles ata =8.5 and finally, full Feigenbaum
re ing tree ak =8.8 and a =9.0 respectivelySimilarly, as for thecontrolparametet ,
ng primary bubble fer = 6.8, period4 bubble fora =7.4, period8 bubble fo a =7.9

, period16 bubble fora =7.71 and full Feigenbaum remerging tree f8=7.8, a =7.9 and
a =8.0 respectively.In literature,these phenomenhave been observed in someural
networks model$38-40] and othersystems includinghe jerk circuit§41] and the improved
Colpitts oscillator442].
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4. Microcontroller implementation of the Improved Rulkov neuron under

electromagnetic radiation

Following theoretical studies and numerical simulations, it is important to coexhetimental
verification, which is essential for many engineering applicationsA30ne of the most
important of these applications is the use of chaotic systems for voice encryptidro[vé&ijify
the validity of the numerically obtained results,ig¥his the main objective of this section, the
improved Rulkov neuron modelinder electromagnetic radiatios practically impl ted
using an Arduno Due microcontroller.Compared tothe implementatiors o@ Inear
}advantages

actness, fe

dynamicalsystemausingelectroniccircuits [47-49], this approaclinas some

such asflexibility in parameters setting of the system, robust
programmability et 50-52]. This implementation utilizes two pri ware componés
The digital cardrelates tocomputerand oscilloscope Various steps followed in view of
achieving this implementation are dabed by the flowcha.r&%n indgure 11, followed by
the experimental setup used iiglre 12.
Relation5 is resolved by the help of tHieungeKuttg”4tl¥order (RK4)algorithm in Aduino
IDE installed on a laptop computérom wher 'Nlmplemented on the Arduinau®board
connected to the computer via a prog% e USBgmattsimultaneously, connected to a
in

digital oscilloscopeThe attractorssho e route to thehaosobtained from the digital

circuit implementation of the mo sented in Figure3l where we have the numerical

results on the left and their cor
right. 6

The results from Fig}@show a strong agreement between the numerical and digital circuit

ondmigrocantroller implementatiorcounterparts on the

implementation f@gs of thenproved Rulkov neuron model under electromagnetic radiation

under investi&@h.
O

5. andom number generabr based onmemristive Rulkov neuron model

This section presents an application of gtedied memristive Rulkov neuron model in the
generation ofandom numbers. The generated numbersiaaé/zedusing the standard NIST
test. The RNGprocess starts by numerically solving thgroved Rulkov neuron modaking
the RK4 method,which yields highprecision32-bit state variables, y, and z signals. To
guarantee the high quality and unpredictability required for an RNG, the scheme id@ates
Least Significant Bit§LSBs), which arethe most sensitive and chaotic part of the numerical
solution by extracting the 16 LSBs from, y, and zsignak. Thesethree streams of
13



unpredictable binary data are then combitoefhrm the final statistically robust 3bit random
number sequensesuitable for applications like cryptographijo confirm the unpredictable
features of the generated signals, the NIST test is done, and results are recorded in Table 2.
The text establishes that to beeded a highguality randonsource;a signal must satisfy the
NIST Statistical Test Suite requirement that altdfues for every individual test exceed 0.01.
The results from Table 2 demonstrated thHtoutput signals achieved this benchmark,
confirmingtheir statistical randomness. Based asthresultshe derived random signal from
improved Rulkov neuron modé proven reliable and can therefore be utilize mvely in
sensitive security applications, such as the encryption necessary for. neation

exchange.

6. Conclusion

Theimpactof thenonpolynomial memristoon thedynami iarof the improved Rulkov

neuron modelvasstudiedin this paperin thefirst plac a e lfix@dpointsand stability
wereexplored revealing thatts possesselsoth aitic@t ble and unstable eqgbiiium points
and in addition to thatlisplaysconcealednd Jmstained)ehaviors‘eaturing bothperiodic
and chaotic burstingatterrsfor various tion parameter valu@#is is further confirmed
by numerical investigations from where “the regions of hidden anebsated firings are
exposed by théwo-paramete S. $econdlyfrom numericalinvestigations, the system
describe®ffset boosting and antiffonotonicigatures. Furthermore, litas beemotedthatthe
systemundergoesa sym é’al evolution from periodic through spikifigngs to chaotic
dynamicsfor some % | parameterso conclude a mo d eingementationwas done
utilizing adigital The findings acquied with theaid of a digital oscilloscopshowthat
the experim&@g

The imp ulkoneuron was finally exploited to generate random bits and NIST test was

estigatefindings corroborateand clearly veriy the numerical results.
per to confirm the unpredictable features of the generatedThitssystemcan be

further applied inmportant engineering fields such aeedicine andelecommunication for

biomedicalimage andligital signal encryptiosi respectively
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Figure 2: Topology illustratio e Snproved Rulkov neuron subjected to electromagnetic

radiation mimic by a nmpo@mial memristor.

Figure 3: Dual-para@é bifurcatiodiagramsof Rulkov neuron model(a) (A, a) for
b=5ands = ) for a=10 and =5 and (c)(a, s for b=5 and A=1.

Ot her@@rametfsland;k =051l ues ar e:

Fig 4%rieties of 1D bifurcation diagrams aéfiv) with corresponding MLE b(#p(iv) of
Rulg neuron modeVersus A, a, b, and f . Other parameters are kept to their initial

values as fixed in Fig. 3.

Figure 5: Projected phase portraits Rtilkov neuron modeh some ofts planes. Parameters
values areg =10, b =5, A=15, f =1, s =0 andk=0.5.

21



Figure 6: Adaptation of the amplification dRulkov neuron modelhen (a) Ai [O, 12] and

(b) bi [O, 12] for some discrete values of Bidicated on the grapRther parameters are kept

to their initial values as fixed in Fig. 3.

Figure 7: Phase portraits illustrating the offset boosting behaviofRulkov neuron model
computed from left to right witlB, = 5, B, =0, and B, =5, respectively. The other system

parameters maintained their initial values. (b

Figure 8: Temporal sequences of the state variabl@) and mean values of th sgé variables

X, y and z versusB, (b), confirming the offset boosting behaviorsl:iul[ic@bron model

They are plotted foB, = 5 (black), B,=0 (magenta) andB, =5 ea&

Figure 9: Bifurcation diagrams versué\, revealing bubble,befidyjorsiRulkov neuron model
for some specific values @& . (a) a =7.8; (b) a =8.5; (C@B; and (d)a =9.

Figure 10: Bifurcation diagrams versus, revealin Qbehaviorsmulkov neuron model
for some specific values o . (a) & =6.8; (ij\«?A; (c) a=7.65; (d) a=7.71; (e)a
=7.8; (f) @ =7.9; and (g)a =8.

Figure 11: Flowchart diagram descriliing the key steps of the microprocessor implementation

process of Rulkov neuron m der the electromagnetic induction.

Figure 12: Experimental s@showing thein hardware components including oscilloscope
andArduino Due mi@troller board with some connecting cables

Figure 13: Nu | (left) and experimental (right) phask Rulkov neuron model(a)
A=10.2Z (geriott1 limit cycle), (b) A=7.92 (period2 limit cycle), (c) A=5.40 (period3
limit cyc@d) A=4.92 (period6), () A=4.56 (chao3, and(f) A=3.36 (chaos.
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Table 1: Eigenvalues and their associated stability for particular values of the parasmeter
for 6=5, k=0.5andb=0.58.

Table 2 RNG of NIST-800-22 tests for x, y and z output signals
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Figure 2: Topology illustration of the improved Rulkaweuron subjectqﬁpQﬂectromagnetic

radiation mimic by a nogpolynomial memristor. »\$
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\ZV (c)
Figube 3: Dualparameters bifurcatiodiagramsof Rulkov neuron model(a) (A, a) for
b=5 ands =0, (b) (A s) for a=10 and =5 and (c)(a, s for b=5 and A=1.
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