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The FitzZHugh—Nagumo model is improved to consider the effeéof the electromagnetic
induction on single neuron. On the basis of investigating thHopf bifurcation behavior of
the improved model, stochastic resonance in the stochastiversion is captured near the
bifurcation point. It is revealed that a weak harmonic osddtion in the electromagnetic
disturbance can be ampli ed through stochastic resonance,and it is the cooperative
effect of random transition between the resting state and té large amplitude oscillating
state that results in the resonant phenomenon. Using the nee dependence of the
mean of interburst intervals, we essentially suggest a bingically feasible clue for
detecting weak signal by means of neuron model with subcrital Hopf bifurcation. These
observations should be helpful in understanding the in uece of the magnetic eld to

neural electrical activity.

Keywords: electromagnetic induction, subcritical Hopf bifu
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INTRODUCTION

Memristor or memory resistor was supposed®yua (197146 years ago as the forth fundamental
circuit device along with resistor, inductor and capacitamd it was successfully realized by Stan
William's group at HP Labs in 2008 for the rst timeS{rukov et al., 2008 Because of the huge
storage potential and the complex nonlinearity, the memristas recently attracted considerable
attention in theoretical and applied neuroscientielf and Chua, 2008; Yogesh and Stephen, 2009;
Wen et al., 2013; Bao et al., 2015; Chen et al., 2017; Zha20H).

In modern society, human being or animals are inevitably enor less exposed in the electrical
hazards of ubiquitous electromagnetic radiation, and thet that this radiation can have severe
consequence on biological rhythm and recognition has att@genuch attention (Vorld Health
Organization, 201)1 but how the electromagnetic radiation changes the bahaifineural systems
is still unclear. Fortunately, the device of memristor egesr and it can act as a feasible tool for
exploring the in uence of electromagnetic radiation on nalisystem activities, since one can
keep the consistency of physical dimension (or unit) when elody the membrane potential and
magnetic ux into coupling system&/(u et al., 201} Several investigations have been done in this
regard. For example, Lv et aL(and Ma, 201pproposed a comprehensive modi ed Hindmarsh-
Rose neuron model by introducing the magnetic ux as a fourdriable, and_u et al. (2017)
imposed di erent types of electrical stimulus impended with ghrlow frequency current on this
improved HR model to investigate mode selection in neuraivétgt Guo et al. Ren et al., 2007
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used memristor to discuss the polarization and magnetizatio state wherey: D 0. We keep this zero external input throughout
in excitable neural model. Ma et al\Wu et al.,, 2016; Ma the context.
et al., 201y adopted a magnetic ux across the membrane to In order to consider the e ect of electromagnetic induction
describe the electromagnetic induction and the spiral waae® on membrane potentials of neuron, with the help &frukov
been induced. Although the abundant ring patterns have beeret al. (2008we employ the memristor to realize the coupling
revealed, the underlying dynamical mechanism responsisle f and modulation on membrane potential from magnetic ux for
these patterns in these newly-built models has not beenatiedl.  maintaining the consistency of physical meaning/( et al.,
In nervous systems, noise not only has various origins bu2016. Note that the memristor characterizes the relation betwe
seldom acts as a trivial disturbancéa@abe and Pakdaman, charge and magnetic ux, so if letbe charge and the magnetic
2001; Hasegawa, 2004; Faisal et al., 2008; Shao and Ka#yg, 2@X, then a voltage across a charge-controlled memristan ca

. .. . . . d'
Sun and Shi, 2034 One of the anti-intuitive phenomena of pe modeled as/(t) D M(q(t))i(t) with M(q) D %. In

noise is often termed as stochastic resonance (SR), wherg&erse, a ux-controlled memristor should be described by
suitable noise can amplify the external weak coherent 5|gn|aﬂt) D W( ())v(t) with W( ) D dgg- ) Here the explicit forms

under certain nonlinearity. In the absence of electromaigne , . .
interference, many theoretical or experimental literagiteave of M(q) tandW( ) should depend on the design of the device of
{memristor.

shown that living organisms can utilize noise as a bene . ) o)

in detecting or transferring weak signal on both cellular and W€ take a ux-controlled memristor oiW(") D =3 D
system levelsMark et al., 200p Kang et al. (2005showed k( C 3' ?) (itoh and Chua, 2008; Bao et al., 2010a; Wu
the existence of signal-to-noise ratio gain of SR based en tt al., 201pto modify the conventional FHN model. We choose
leaky integrate-and- re neuron modelliao and Wang (2010) D 0.1and D 0.02to generate complex dynamical behavior
observed SR under the e ect of synaptic transmission noiséBao et al., 2010a,b; Wu et al., 2ZRTBhus, the time evolution
Sun and Li (20163emonstrated that the partial time delay can €quation of the membrane potentiabecomes

induce a stochastic multi-resonance in a Watts-Strogatzorwal

network. Nevertheless, to our knowledge the phenomenon of SR PDV(v a)(l V) wCk( C3' ?v.

has not been explored in neural system under electromagnetic ] ‘ .
disturbance. Therefore, we naturally wonder whether a weafRccording to the Faraday's law, the change of the magnetic u

coherent oscillation in the electromagnetic disturbanes e IS dominated by varying voltage and magnetic ux, we can

ampli ed through SR. suppose that the time derivative 'ofis a linear function ot and
After a modied FitzHugh-Nagumo (FHN) model with - thatistosay,

ux-controlled memristor is introduced in Section A modie . Vo~

FitzHugh—Nagumo neuron model, some analytical and

numerical results on the bifurcation behavior of the systemyhere' o, as a bifurcation parameter, is used to describe the bias
are derived in Section Analysis of bifurcation. And then, SRn external forcing magnetic eld.

in the modi ed model with a weak periodic modulation is  Therefore, the improved FHN model, which takes the e ect of
exhibited and explained in Section Stochastic resonannallii  electromagnetic induction into consideration, has thedaling
conclusion and discussion are given in Section Conclusiwh a form of a set of three-variable nonlinear ordinary di ereati
Discussion. equations.

8
<PDVv a(l v) wCk( C3' 2v
A MODIFIED FITZHUGH-NAGUMO WD "(v dw) 2

NEURON MODEL " PDkv k' C'ext

Let us start with the conventional FHN neuron modeéiizhugh,

Although the original FNH model has an exclusively stable
1961; Nagumo et al., 1962

asymptotic state for the given parameters"ofd, and a, the

introduction of electromagnetic induction can induce corepl
PD V(v a)1 V) WClex 1)  periodic or bursting ring patterns in the modi ed model. We
WD "(v dw) will explore the involving dynamical mechanism in the absence

of noise and in the presence of noise in Sections Analysis of

where the fast-varying trans-membrane potentiand the slow Bifurcation and Stochastic Resonance, respectively.

current variablew are treated as dimensionless. In the model

(1), the nonlinear termv(v  a)(1 v) stands for total trans- ANALYSIS OF BIFURCATION

membrane ionic currents per unit arelay; is the external forcing

current. Since our purpose is to investigate the in uence ofThe concept of bifurcation in nonlinear dynamical theory can

electromagnetic induction, the external forcing curresitsiet to  be categorized into static bifurcation and dynamic bifuica.

zero. The parametefsD 0.02d D 1 anda D 0.5 are xed such Usually, the former means the change in number or the stgbili

that the dynamical evolution of the model (1) starting fromya of equilibrium points, while the latter refers to the simildranges

initial state can asymptotically approach a resting equilibriu relating to limit cycles Zhang, 2005; Xie et al., 2008, ltf
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an equilibrium state is stable, the aliating system will éve \whereA D

closer and closer to it if the initial state falls within itadin
of attraction; otherwise, the system will leave it forevethe

3kk2 : $ 2
¥ 1 Bp ¥, wcica cD ¥ a
2 2

2
% Ck . LetEps, Egp andEgsto be the resultant equilibrium points

N . R i ' T
initial state is not exact on it. In neuron model, the stablecorresponding ta/1,voz andvos, thenEp; D (0,0, exik2 )

equilibrium usually stands for a resting state, and the ioyicle

Next, let us explore the stability of the three equilibriumpisi

corresponds to the repetitive ring state. Bifurcation hashe with ' eyt @s bifurcation parameter. Note that the stability of an

scrutinized analytically and numerically by many researstin
computational neuronal science. Quantities of literatuhese

equilibrium point is determined by the eigenvalues of its #aco
matrix. That is to say, if all the eigenvalues are of negatad

dedicated to the bifurcation behavior of neuron models dgrin Part, then the equilibrium point is stable, otherwise it might
the past decadesi@ssard, 1978; Guckenheimer and LabourianP€ marginally stable or unstable. According to the distinatio

1993; Eugene, 2000; Xie et al., 2008b; Jia and Gu),20it7

the involving investigations have been extended to the inapdo

criteria (Zhang, 200§ branches of the equilibrium points and
their stability on the ¢y Vv plane are shown ifrigure 1, where

models with electromagnetic induction, even if the aburidanthe solid curves represent the stable branches, the dash line

ring patterns have been revealed\ and Ma, 2016; Wu et al.,

indicate the unstable ones, and evidently the pointd-Aindicate

2016; Lu et al., 20)7In this section, we aim to disclose the the occurrence of bifurcation.

underlying dynamical mechanism responsible for the emezgen

of the ring pattern in the improved system (2).

In fact, we can further distinguish the bifurcation types oéth
bifurcation points A H. In general, the appearance of a pair of

At rst, let us pick out the constant solution, namely the Pure imaginary eigenvalues signi es Hopf bifurcation, ane th

equilibrium points of the system (2), where the variables and

emergence of a zero eigenvalue predicates fork-type or saddle

' stay there forever if there is no external perturbation. Supposhode bifurcation Zhang, 2005 In this paper, our emphasis is

Eo(Vo, Wo, " o) is one of the equilibrium points, then there holds

8
<vovo @@ vo) wWoCk( C3' ®dwDO
Vo dwgDO
kivo ko' gC'exxD O
and thus
1 kivpC'
Vo o a)(l vo) -Ck C3 (0> ety py
d ko
with three solutions given by
vor D 0.ves D BCpB2 4ACV D B sz 4AC
01 D O,vo2 oA Vo3 oA

put on the identi cation of Hopf bifurcation. For the system)(2
if the resultant 3 3 Jacobi matrix has one eigenvalue of negative
real part and two zero real parts at some critical value of the
bifurcation parameter, then as usual we say that Hopf bifuorati
occurs, through which a constant membrane potential solution
becomes unstable, but a stable periodically oscillatoripract
potential solution appears.

Let us take the equilibrium pointEg; as example to
demonstrate how Hopf bifurcation occurs. From the
linearization Jacobian matrix of the system (2)

3
1 6' v
nd 0 5’
I(l 0 k2

32 C2(1Cayv aCk( C3' ?
Jv,w," )D 4 "

B
= »
’ E
o fe— e
G A
_3 1 1 1 1 1 1 1 1 1 I
-10 -8 -6 -4 -2 0 2 4 6 8 10
C’e)(l

FIGURE 1 | Schema of the branches of equilibrium points for trans-memiane potential and their stability vs. the bifurcation paraeter' g4;. The parameters are set
askD 1,k; D 0.5, and kyp D 0.9. The branches locate at lower left and right stand for g and the branches situate in upper left and right are §5. The at line is Ey1.
In gures, the solid curves stand for stable branches, and the dsh curves denote unstable branches. Remark: The gure is ploed by the software of xppaut.
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One can easily obtain the characteristic determinant aesgg2) is due to a bifurcation induced by an equilibrium point. For

atEpy as the system (2), the dierencevigax  Vmin) VS. the varying
' ext IS depicted inFigure 2 From the picture, a hysteresis loop
' Ar 1 0 can be clearly observed ne' ), and another hysteresis loop
i3 X0,0-2%D " c"d o0 @ o - R
i3 "k J can be captured neat by some partial ampli cation.,
2 k 0 C k ext
1 2

therefore the Hopf bifurcations atA and B are both
D(Ck)I( A C"dC"]DO subcritical.

_ L ) _ For an intuitive understanding, we depict the time series
with A1 D aC k( C 3 ()%). Obviously, there is an of the trans-membrane potential and the phase diagram when
eigenvalue D kp satisfying Ré(;) 6DO0, and thus if a pair ', > 0 in Figure3 As Figure 3 shows, the membrane
of pure imaginary eigenvaluesD i! exists, there must hold potential will stay at the resting level when the bifurcation
true parameter is less than the critical bifurcatioRigures 3A,B,

but it will evolve according to a periodic motion as the
12 ("d A)!'i A"dC"DO bifurcation parameter increaseBigures 3C—F. More precisely,
the Figures 3C—F respectively correspond to subthreshold
ie., oscillation and superthreshold oscillation (impulsive diaidie)
5 of neurons. Moreoverigures 3G,Hreveal that the model (2)
l< A"dC"DO will attain another equilibrium state of a high asymptotical
"d A1DO, membrane potential, which should be morbid for neuronal
p activity.
which leads toA; D "dand! D " "2d2. Thus, the branch
of the equilibrium pointEp1 undergoes two Hopf bifurcations at

parameter STOCHASTIC RESONANCE

S— It has been extensively proven that weak periodic signal can
Mkz be ampli ed by random uctuation in many nonlinear systems
3K through the principle of SR Heneghan et al., 19%6 This
phenomenon has also been well-documented in neural systems
which can be reduced ) D 2.381 and & D 2.381 inthe absence of electromagnetic inductioin@iré, 1993; Kang
for given parameters as denoted in the captionFifure 1 et al., 2005; Gosak et al., 2)0Here what we interest in
Clearly, they correspond to the bifurcation poirssandB on is to check whether a weak subthreshold oscillation in the
Figure 1 electromagnetic eld can be ampli ed by a suitable amount of
Similar to the above analysis, we also can know thatictuation.
the branch of the equilibrium pointEy, undergoes Hopf Assume that the external forcing magnetic eld consists of a
bifurcations atC and D, and the branch of the equilibrium subthreshold signal and noise, i.e., the form gf;is described as
point Egz undergoes Hopf bifurcations at point§ and F, follows
with the bifurcation parameter ¢ being 5.386(C), 5.512D),
4.113F) and 3.236kF), respectively. Further, we can conrm "extDrsin(2 ft)C" gxtC t)
but skip the details thatG and H, as the intersections of
the branches ofEg; and Egp, are saddle-knot bifurcation wherersin(2 ft) C ' &, is a subthreshold signal of bia§,,, that
points with bifurcation parametersexx D  4.347, which isto say, the particle will not jump from one state to the otHer i
essentially. Here we stress that all of the numerical emlorsot it is only driven by this signal, and(t) is Gaussian white noise
exceed 0.001. satisfying<  (t)) > D Oand< (t) (9 > D 2D (t 9. With
The occurrence of Hopf bifurcation has been veried bythese factors taken into account, the system (2) can be ttewri
the existence of a pair of pure imaginary eigenvalues, but Hopito

"extD

bifurcation can further distinguished into two types: suitical )

Hopf bifurcation and supercritical Hopf bifurcation by cheokj <PDV(v a( Vv) wCk( C3' ?v
dependence of the membrane potential dierence over a ~WD"(v dw) 3)
su ciently large time span via bifurcation parameter. In geak " 'PD kv ko' Crsin(2 ft)C* gxtC t)

in subcritical Hopf bifurcation the oscillatory solution ogrs

before the bifurcation point, but in supercritical Hopf biftaion  In this section, the same parameters asFigure 1 are used,
the oscillatory solution emerges after the bifurcation gpand  unless otherwise stated.

whether a hysteresis loop exists is a typical distinctioreds. In Many physical measure indexes are suitable for quantifying
fact, if for some given parameterngax Vmin) 0, wecanregard the phenomenon of SR, such as spectral ampli cation factor,
that the system approaches an equilibrium state; otherwise, wnutual information, resident time distribution and sign&s-

can pick out an oscillatory solution, which can correspondie t noise ratio (SNR), and all these indexes can re ect the baak c
limit cycle in the phase space if the occurrence of the osaiiati role of noise from di erent viewpoints. Here, we choose the SNR
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FIGURE 2 | Dependence of the trans-membrane potential difference onhie bifurcation parameter' ox; (A). The green solid branch shows how the trans-membrane
potential difference changes as the parameter gy increases, while the blue dash branch gives the change trends the parameter' ¢yt decreases. We can see that
within certain parameter range there are two hysteresis Iqis, the left-hand one is evident and the magni cation of the ght-hand one (B) has been inserted in the
gure. The existence of the two hysteresis loops show the biftcation at  2.381 both are subcritical Hopf bifurcation.

de ned by the width of resonant peak for stronger signal will wider than
that for the weaker signal. Similarity, when the bias intgns

) increases, the “Fixed power” Figure 5will be boosted and the

N(!) required energy for the system to reach the threshold wittdmee

to characterize SR. He®! ) represents the height of the peak §ma||gr. Hence, the resonant peak will appear at smaller noise
at the signal frequency and(! ) is the power spectrum density Intensity. . . N
of background noiserigure 4shows the dependence of SNR via In order to ex.plgln the meaning of(D) in Figure 5 Iet_us
noise intensityD under di erent signal amplitude and biased resort to.the. statistics (.)f the time history of membrane p""m"?
intensity of electromagnetic elt %, and these non-monotonic (;hown inFigure §). It Is easy to see that the ring pattern in
dependence curves exhibits the occurrence of SR in the modze'pure 6belongs to b_urstlng. D|_scard|ng the tranS|en_t evolution,
(3). This observation con rms that SR can occur in the presencWe can galcglate the interburst |nterval§ (1Bls), bursemval (BI).
of electromagnetic induction. _and resting interval _(RI). Here the IBI is referred to as theei
Here let us explain why the phenomenon of SR occurs in thg}terval between adja_cent burstS (tsun et al., 2.01).1 and we
system (3) from the perspective of energy. As showRigure 5, d_e ne the B_I as burst interval, na_mely the duration intervéleo
the circle represents the power of the system o ered by thémgle bursting and.theT Rl as the time interval from the end @f th
subthreshold signal. If the power at some time is greatesXIes_rSt purst tothe beginning of the next one. For example, as show
than the xed power as shown in the gure, it means the periodic " ~'9ure 68 the IBI, Bland Rl correspond i ta,tg taand
signal is supplying (consuming) energy to the system. ObWous '€ '8 respectively. Denotings| (D) D NiBIi, BI(D) D fBli and
when the noise is absent, the power from the subthresholda:kigan(D) D IRIi, then (D) in Figure 5 proportional to time, can
cannot drive the membrane potential to cross over the ringbe calculated by
threshold, but with the help of the energy of a suitable ngilse BI(D) BI(D)
membrane potential can cross the threshold over a time irterv (D)b2 1BI(D) BI(D) C RI(D)’
corresponding to an arc with a central angle This to a certain
extent is the dynamical mechanism underlying the occureeoic By means of the evolution curves of these average interials v
SR. the noise intensityD in Figure 7, (D) is less than when the
Now we turn to explain why the width of resonant peak noise intensity is under the critical value at the intergattand
becomes large as the signal amplitude enhances and why tiés larger than when the noise intensity is between this critical
resonant peak shifts to smaller noise intensity as the bifima  value and 0.7.
parameter closes to the critical value, as observeligure 4. Noting that in the phenomenon of SR noise helps detect
From Figure 5, it is clear that as the signal amplitude increasesveak signal, so let us demonstrate how the weak subthreshold
the radius of the circle becomes larger. This means that theignal is detected in the system (3). It is clear that when
power supplied by the periodic signal has more dominatedhe noise is absent, the membrane potential eventually stays
capability in the interplay of noise and signal. As a resultat the resting level Kigure 6A), but as the noise intensity

SNRD 10log g
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FIGURE 3 | Time evolution of the trans-membrane potential and the phasdiagram of the model (2). From up to down, the bifurcation p@ameter' ¢y is equal to
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FIGURE 4 | Dependence of signal to noise ratio on noisy intensity undetifferent amplitude(A) or biased intensity of electromagnetic eld(B) at" D 0.005 and
2 f D 0.001.We x b D 2.2328in(A)andr D 0.28in(B). It is shown from(A) that the width of the resonant peak evidently enhances as the increases, and from
(B) that the resonant peak is dramatically shifted to larger nse intensity asb away from the critical bifurcation point (2.3383).

underdamped oscillator system, there exists a coincidence
between the driving frequency and the noise-tuned inherent
frequency peak Kang et al., 2003 These match relations
suggest that there exists certain frequency interval shet t
the phenomenon of SR in the system (3) cannot occur if
the signal frequency falls outside of this rangégure 8 just
veries this point. For instance, when 2 D 0.005, as
the gure shows that the SNR as function of noise intensity
monotonically decreases, which indicates no SR for thengive
signal amplitude.

CONCLUSION AND DISCUSSION

FIGURE 5 | Qualitative analysis for stochastic resonance from the vigooint of By taking the electromagnetic induction into account,

power. Every p.omt on Fhe circle r'egresents the power of_fenkonly by the an improved FHN model is proposed by means of the

subthreshold signal (sin(2 ft)C ) to the system at different time. The . . . .
ux-controlled memristor. With the technique of linear

ext:
height of center of the circle represents the xed power offezd by ' 0  The T . X X i o
stability analysis, the bifurcation diagram of the deterisiit

ext
power provided by the noise raises the height of the circle.®®m the schemata,

there should be suitable noise leveD D Dy such that the membrane potential autonomous model is obtained and especially the subcritical
transits between the state 1(resting state) to state 2(butsstate) almost Hopf bifurcation points are identi ed. For the noisy weak
periodically, with a period corresponding to an arc with cetral angle (D). signal modulated system, we have observed the phenomenon

of SR near the subcritical Hopf bifurcation point. From the

viewpoint of energy we give an explanation of the occurring
increases until attains a suitable range, the membrane fiaten mechanism. By de ning the several mean intervals relating
will evolve according to an approximate periodic motion withto burst, we also discuss how to detect a weak signal based
uctuations (Figures 6B-D, where the relevant approximate on the principle of SR in this model. Our investigations once
period is basically the signal period. Therefore, if we analyzagain demonstrate that electromagnetic radiation can gelu
the time history within this suitable noise range, the periodelectrical activity in neurons. Moreover, our investigagon
of the weak signal will be identied. In fact, as shown insuggest that the phenomenon of SR could be utilized by neurons
Figure 7, the mean IBI is nearly equal to the signal drive,in detecting weak signal in the presence of electromagnetic
although this quantity cannot be de ned in the deterministi induction.
case. We would like to have some discussion on the phenomenon

Viewing from the history of SR, the phenomenon wasof SR disclosed in this investigation from weak signal detec

named after the term of “resonance” to some extent. In thdt is well known that neurons communicate with each other
symmetrical overdamped bistable system, the occurrence tifrough action potential, and the timing of action potentiedins
SR is relating to a match relation between a half of theften contains more signi cant information than their shape
signal period and the mean rst passage time, while in thehus it should be more inspiring to disclose the phenomenon
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FIGURE 6 | Time history of trans-membrane potential under differentaise intensityD. The parameters” D 0.005,r D 0.28, f D 0.001=2 , and' gxt D 0.328, and
from (A-D), the noise intensityD is 0, 0.25, 0.5, 0.75, respectively.

FIGURE 7 | The evolution curves ofBI(D) (red solid)BI(D) (blue circle), and FIGURE 8 | Dependence of signal to noise ratio on noisy intensity under
RI(D) (green dot) via noise intensity dt D 0.005, r D 0.28, f D 0.001=2 , and different signal frequency at' D 0.005, r D 0.28, and ' 3 D 0.328. From the

' Sxt D 0.328. Note that the IBI(D) cannot be de ned when there is no noise, gure, it is clear that the SNR as a function of noise is monotoit, so SR can
since the long time of the deterministic system (3) is statjbut once the noise occurif2 f 0.001, butif 2 f D 0.008, the function becomes monotonically
is induced and if the noise intensity falls within the rang®(07, 0.72) in the decreasing, and as a result, there is no SR in this case. This e tells that the
gure, the IBID) will uctuate around the period of the sinusoidal drive (blek phenomenon of SR has obvious frequency dependence, that isotsay, the
dash), and this suggests that noise should be utilized by thenodel (3) in weak phenomenon can only occur within certain frequency range.

signal detecting. Here we emphasize that none ofBI(D)), RID), and BI(D) can
be measured in absence of noise or in the case of too much noisesince the
absence of noise leads the membrane potential to a static let, while too
much noise causes the periodic bursting like patterns mix o one single noisy
bursting. detecting or transmitting weak signalgnabe and Pakdaman,
2001; Hasegawa, 2004; Kang et al., 2005; Faisal et al., 2008;
Mark et al., 2009; Jiao and Wang, 2010; Shao and Kang,
of SR both from the noise dependence of the SNR and th2014; Sun and Shi, 2014; Sun and Li, 2ph®wever, most
statistical quantities of trains of interspike intervalSI8). Indeed, of the existing investigations only disclosed SR by showing
as pointed out in the introduction section, the experimentalan optimal noise level which could make the system have a
and theoretical investigations have suggested that nafeshn  better SNR than other noise level, but failed to try to nd
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the relation between the maximal SNR and the mean of ISAUTHOR CONTRIBUTIONS
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we infer it might be a predictable conclusion for SR occurring

near subcritical Hopf bifurcation point. If this inferenceta ACKNOWLEDGMENTS
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