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Abstract Many neurological diseases are known to
be caused by bifurcations induced by a change in the
values of one or more regulating parameter of ner-
vous systems. The bifurcation control may have poten-
tial applications in the diagnosis and therapy of these
dynamical diseases. In this paper, awashout filter-aided
dynamic feedback controller composed of the linear
term and the nonlinear cubic term is employed to con-
trol the onset of Hopf bifurcation in the Morris–Lecar
(M–L) neuron model with type I. It is shown that the
linear term determines the location of the Hopf bifur-
cation, while the nonlinear cubic term regulates the
criticality of the Hopf bifurcation, preventing it from
occurring in a certain range of the externally applied
current. The relationships among the externally applied
current, the linear control gain and the reciprocal of the
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filter time constant are further systematically analyzed,
which help to make the best choice from the feasible
parameter space to achieve our control task. Simulation
results are provided to illustrate the effectiveness of the
proposed methods.
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1 Introduction

It is well known that neural systems are complex non-
linear dynamical systems. As basic function units in
neural systems, neurons can realize some functions
such as responding to stimulation and conducting of
excitation [1]. Through firing activity of neurons char-
acterized by the relaxation oscillation process of pro-
ducing and transmitting action potential, the informa-
tion is encoded, transmitted, and decoded in the neural
signal process. Many well-known neuron models such
as the Morris–Lecar (M–L) model [2], Hodgkin–
Huxley (H–H) model [3,4], Fitzhugh–Nagumo (F–H–
N) model [5], Wilson–Cowan (W–C) model [6], and
Hindmarsh–Rose (H–R) model [7], have been pro-
posed to understand real nervous systems.

Neurodynamics has been extensively investigated
on these neuron models, especially rhythmic motor
behaviors, bursting [8], synchronization [9], biological
function of autapse on isolate neuron and neuronal net-
work [10], and emittingwaves in networkwith autapses
[11]. Autapses, which provide self-delayed feedback,
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play an authentic physiological role in the nervous sys-
tem [12]. Autapses in nature can cause many dynamic
behaviors in neurons such as adjusting the response,
the mode-locking status and the firing frequency and
interspike interval distributions of the response spike
train [13,14]. Recently, a new presented neuron mod-
els with electromagnetic induction is considered, and
multiple modes of electric activities can be observed
by changing the initial state [15].

Neural disorders such as Alzheimer’s disease,
Epilepsy [16], Parkinson’s disease and schizophre-
nia can be interpreted as dynamical diseases. From
the viewpoint of nonlinear dynamical systems, these
dynamical diseases are caused by bifurcations induced
by a change in the values of one or more regulating
parameter of nervous systems [4]. Therefore, the under-
standing of these bifurcation mechanism and avoiding
the occurrence of bifurcations within a certain range of
parameters are of great significance for finding better
treatments to such dynamical diseases.

Due to its potential applications in the diagnosis and
therapy of neurological diseases, bifurcation control
has become an ongoing active area of research [17]. It
focuses on modifications of bifurcation characteristics
of a parameterized nonlinear system by a designed con-
trol input to obtain some desired dynamical behavior
or to avoid undesirable instability around bifurcations.
The modifications include delaying or advancing the
onset of an inherent bifurcation, modifying the shape
or type of a bifurcation chain, introducing a new bifur-
cation at a preferable parameter value and so on.A lot of
bifurcation control approaches such as static state feed-
back [18], frequency domain approach [19], dynamic
state feedback [20], time-delayed feedback [21–23],
and harmonic balance approximation [24] have been
introduced in the literature.

The Hopf bifurcation control has been paid special
attention for which corresponds to a concept “depolar-
ization block” in the treatment of Schizophrenia. Grace
et al. showed that dopamine-cell depolarization block
provided a potential mechanism to account for their
therapeutic impact on a dysregulated dopamine system
[25]. Dovzhenok and Kuznetsov prepared a theoretical
basis that bistability at the depolarization block should
be very common among neurons [26].We also refer the
reader to the literature for details in [27]. Very recently,
a dynamic state-feedback control law incorporating a
washout filter [28] has been proposed, and the advan-
tage of this control law is to preserve all the system’s

equilibria [29]. The washout filter-aided feedback has
been successful applied to control the Hopf bifurca-
tion in the M–L neuron model with type II [2,30,31].
However, Hopf bifurcation control of the M–L neuron
model with type I excitability was neglect. In addition,
most works only considered the effect of the control
gain on the location of the Hopf bifurcations, and sel-
dom took into account the relationships between the
reciprocal of the filter time constant and the applied
externally current or the linear control gain.

Motivated by these, in this paper, we use thewashout
filter-aided dynamic feedback controller to modify the
bifurcation characteristics of the M–L neuron model
with type I, avoiding its bifurcations to appear in a cer-
tain range of applied current. The washout filter-aided
dynamic feedback controller is linear-plus-nonlinear
feedback in which the linear term relocates the location
of the Hopf bifurcation to an desired position, while
the nonlinear cubic term regulates the criticality of the
Hopf bifurcation when the linear control gain and the
reciprocal of the filter time constant are appropriately
selected. Moreover, the relationships among the recip-
rocal of the filter time constant, the applied externally
current and the linear control gain are further system-
atically analyzed, which help to make the best choice
from the feasible parameter space to achieve our con-
trol task.

The rest of this paper is organized as follows. In
Sect. 2, the M–L neuron model with type I is recalled,
and the conditions for the emergence of Hopf bifur-
cations are reviewed. In Sect. 3, the dynamic state-
feedback control law incorporating awashout filter was
applied to the M–L neuron model with type I. Conclu-
sions are given in Sect. 4.

2 Preliminaries

2.1 Model description

The M–L neuron model is a biological neuron model
developed to reproduce the variety of oscillatory behav-
ior in relation to Ca++ and K+ conductance in the
giant barnacle muscle fibers [32]. This model is a two-
dimensional system of nonlinear differential equations:

dV

dt
= 1

C
{I − gL(V − VL) − gCaMss(V − VCa)

− gKN (V − VK)} , (1)
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dN

dt
= φ

Nss − N

τN
, (2)

where

Mss = 1

2

(
1 + tanh

(
V − V1

V2

))
,

Nss = 1

2

(
1 + tanh

(
V − V3

V4

))
,

τN = 1/cosh

(
V − V3
2V4

)
.

Mss, Nss and τN are, respectively, the voltage-dependent,
the steady-state value of the recovery variable, and the
time constant. V is the membrane potential, and N is
the recovery variable. I is the externally applied cur-
rent, and C is the membrane capacitance. VK, VCa, VL
are the reversal potentials of the potassium, calcium,
and leak currents, and gK, gCa, gL are the maximum
conductances of the corresponding ionic currents. V1,
V2, V3, V4 are constant potentials, and φ is the temper-
ature factor.

2.2 The Hopf bifurcation of M–L neuron model with
type I

Aswe said before, when the parameter changes, neuron
can exhibit a bifurcation-a transition from one quali-
tative type of dynamics to another. There are several
kinds of bifurcations such as saddle-node bifurcation,
SNIC(saddle-node on invariant circle) bifurcation, and
Hopf bifurcation common in the field, which are deter-
mined by the eigenvalues of the Jacobian matrix at the
equilibrium [33]. Hodgkin classified neurons into three
types, type I excitability, type II excitability, and type
III excitability. A neuron with type I excitability starts
firing at an arbitrary low frequency which is observed
when the rest potential (quiescent state) disappears
through a SNIC(saddle-node on invariant circle) bifur-
cation [30]. The experimental observation of type I can
be found in [34–36]. A neuron with type II excitability
begins firing at a nonzero frequency, which is observed
when the rest potential loses stability via a Hopf bifur-
cation. While a neuron with type III excitability occurs
through a quasi-separatrix crossing [37,38].

In this paper, we will focus on the M–L neuron
model with type I, where I is the free parameter, the
other parameter values are C = 20µF/cm2, gL = 2.0,
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Fig. 1 Bifurcation diagram for theM–L neuronmodel with type
I. The thick solid lines represent stable equilibrium points, and
the dotted lines represent unstable equilibrium.Filled circles rep-
resent stable periodic orbits and open circles are unstable. The
vertical dashed lines represent I = −30, I = 0, I = 39.96,
I = 70, I = 97.79, I = 110µA/cm2, respectively

gCa = 4, gK = 8.0mS/cm2, VL = −60, VCa = 120,
VK = −84, V1 = −1.2, V2 = 18, V3 = 12,
V4 = 17.4mV, and φ = 1/15. The bifurcation dia-
gramof themembrane potential V versus the externally
applied current I is depicted in Fig. 1 when the exter-
nally applied current as a bifurcation parameter. The
thick solid lines represent stable equilibrium points;
the dotted lines represent unstable equilibrium. Filled
circles represent stable periodic orbits, and open cir-
cles are unstable. Note that the bifurcation diagrams in
this paper were produced using the XPPAUT software
package [39] and MATLAB. The phase diagrams for
the M–L neuron model with type I corresponding to
the vertical dashed lines in Fig. 1 are plotted in Fig. 2.
When I = −30µA/cm2, the M–L neuron model has
a SEP (stable equilibrium point) which can be seen
from Fig. 2a. By increasing I to I = 0µA/cm2, three
equilibrium points are generated, and one of them is
stable which is shown in Fig. 2b. When increasing I to
I = 39.96µA/cm2, it undergoes a SNIC bifurcation
from quiescence to periodic spiking [33]—an abrupt
and transient change of membrane voltage that propa-
gates to other neurons via an axon illustrated in Fig. 2c.
After the SNIC bifurcation point, there emerge a SLC
(stable limit cycle) and an UEP (unstable equilibrium
point) at I = 70µA/cm2 in Fig. 2d. By further increas-
ing I , there is a subcritical HB (Hopf bifurcation) at
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I = 97.79µA/cm2 from unstable state to stable state
which is generically orbitally asymptotically unstable
shown in Fig. 2e. After this subcritical Hopf bifur-
cation point, there appears a stable equilibrium point
and two limit cycles, one of which is stable, namely,
there is a bistability. An example of the bistability at
I = 110µA/cm2 is illustrated in Fig. 2f.

2.3 Conditions for emergence of Hopf bifurcations

Let

dx

dt
= fμ(x, u) (3)

where x ∈ Rn is the state vector, μ ∈ R is the bifurca-
tion parameter, fμ(x, u) is a smooth map from Rn × R
to Rn and u is a scalar input. Assume that there is a
fixed point xμ for the parameter value μ, with eigen-
values λμ = αμ + iβμ. Suppose that βμ �= 0, αμ0 = 0,

and d
dμ

(αμ)|μ=μ0 > 0, then there is a Hopf bifurcation
in the parameter value μ = μ0.

In some systems especially in high-dimensional sys-
tem, the eigenvalues cannot always be obtained. In
order to avoid this kind of situation, we can use the
equivalent conditions for the emergence of Hopf bifur-
cation based on the Routh–Hurwitz stability criterion
[40]. Suppose the characteristic polynomial of the Jaco-
bian matrix be

p(λ, μ) = p0(μ) + p1(μ)λ + · · · + pn(μ)λn . (4)

Let

Ln(μ) =

⎛
⎜⎜⎜⎝

p1(μ) p0(μ) · · · 0
p3(μ) p2(μ) · · · 0

...
...

. . .
...

p2n−1(μ) p2n−2(μ) · · · pn(μ)

⎞
⎟⎟⎟⎠ ,

(5)

where pi (μ) = 0, if i < 0 or i > n. Assume

D1(μ) = det(L1(μ)) = p1(μ), (6)

D2(μ) = det(L2(μ)) = det

(
p1(μ) p0(μ)

p3(μ) p2(μ)

)
,

· · · (7)

Dn(μ) = det(Ln(μ)). (8)

According to [40], system (3) undergoes a Hopf bifur-
cation at μ = μ0 satisfies the following condition:

(a): p0(μ0) > 0, D1(μ0) > 0, . . ., Dn−2(μ0) > 0,
Dn−1(μ0) = 0;

(b): dDn−1(μ)

dμ
|μ=μ0 �= 0.

3 Controlling the M–L neuron model with type I

3.1 The dynamic state-feedback control law

Adynamic state-feedback control lawbasedonwashout
filters [41] for controlling Hopf bifurcations in system
(3) is introduced as follows

dx

dt
= fμ(x) + u(x, y), (9)

dyi
dt

= xi − di yi , i = 1, . . . ,m, (10)

ui (xi , yi ) = −k1i (xi − di yi ) − k3i (xi − di yi )
3, (11)

where u(x, y) = [u1(x1, y1), . . . , um(xm, ym), 0, . . . ,
0]T , k1i and k3i are the control gains, and di is the
reciprocal of the filter time constant.When k1i �= 0 and
k3i = 0, the controller just a linear controller. When
k1i = 0 and k3i �= 0, the controller is a nonlinear
controller. While k1i �= 0 and k3i �= 0, it is a combined
linear-plus-nonlinear feedback controller.

Because the membrane potential V is readily mea-
sured, we only select it as the input to be controlled.
The controlledM–L neuron model with type I is given:

dV

dt
= 1

C
{I − gL(V − VL) − gCaMss(V − VCa)

−gKN (V −VK)}−k1(V−dy)−k3(V−dy)3,
(12)

dN

dt
=φ

Nss − N

τN
, (13)

dy

dt
=V − dy. (14)

3.2 The linear feedback controller

When k3 = 0, k1 �= 0, this controller is just a linear
feedback controller. We firstly advance the Hopf bifur-
cation to I1 = 70µA/cm2 when d = 1. In order to
achieve our goal, we get the value of the control gain
k1 using the Routh–Hurwitz stability criterion [40].
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Fig. 2 Phase diagrams for the M–L neuron model with type
I under different externally applied current I corresponding to
the vertical dashed lines in Fig. 1. a I = −30μA/cm2, b
I = 0µA/cm2, c I = 39.96µA/cm2, d I = 70µA/cm2, e
I = 97.79µA/cm2, f I = 110µA/cm2. The thick solid and

dotted closed curves denote stable limit cycles (SLC) and unsta-
ble limit cycles (ULC), respectively. Red and green solid lines
indicate V- and N-nullclines of M–L neuron model. Black and
gray points indicate stable equilibrium points (SEP) and unstable
equilibrium points (UEP). (Color figure online)
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At I1 = 70µA/cm2, (V1, N1) = (6.793, 0.3547),
the Jacobian matrix is

L(I1) =
⎡
⎣0.1360 − k1 −36.3172 k1

0.0018 −0.0674 0
1 0 −1

⎤
⎦ . (15)

Then, we get the characteristic polynomial of L(I1):

p(λ, I1) = p0(I1) + p1(I1)λ + p2(I1)λ
2 + p3(I1)λ

3,

(16)

where p0(I1) = 0.0562, p1(I1) = 0.0674k1 −0.0124,
p2(I1) = k1 + 0.9314, p3(I1) = 1.

According to the equivalent conditions for the emer-
gence of Hopf bifurcation (a) and (b), one get

p0(I1) = 0.0562 > 0, (17)

D1(I1) = p1(I1) = 0.0674k1 − 0.0124 > 0, (18)

D2(I1) = p1(I1) ∗ p2(I1) − p0(I1) ∗ p3(I1) = 0,
(19)

dD2(I )

d I
|I=I1 = 1.0974 × 10−6 �= 0. (20)

Solving the two inequalities and one equality,we obtain
k1 = 0.6963. Figure 3a shows the location of the
Hopf bifurcation has been successfully advanced from
I = 97.79 to I1 = 70µA/cm2. Now, we will uncover
how the parameters such as the reciprocal of the fil-
ter time constant, the applied externally current and
the linear control gain influence each other. When
k1 = 0.6963, the variation of the reciprocal of the filter
time constant d changing with the externally applied
current I (the location of the Hopf bifurcation point) is
shown in Fig. 3b. Clearly, with the increase in the exter-
nally applied current I , the reciprocal of the filter time
constant d is increasing slowly below I = 80µA/cm2 ,
and sharply over I = 80µA/cm2. Therefore, the recip-
rocal of the filter time constant d hasmuch effect on the
location of the Hopf bifurcation point. We fix d = 1,
the relationship between the externally applied current
I and the corresponding control parameter k1 is shown
in Fig. 3c. The left straight line indicates that the loca-
tion of SNICbifurcation point does not to be transferred
with changing k1, and the curve shows k1 will decrease
slowly with the increase of the externally applied cur-
rent I . At the Hopf bifurcation point I1 = 70µA/cm2,
the relationship between d and k1, i.e., k1 will increase

slowly with the increase in the reciprocal of the filter
time constant d, is shown in Fig. 3d.

We also can delay the Hopf bifurcation to I2 =
200µA/cm2, where (V2, N2) = (12.93, 0.5267). The
Jacobian matrix is

L(I2) =
⎡
⎣−0.1370 − k1 −38.772 k1

0.0019 −0.0667 0
1 0 −1

⎤
⎦ . (21)

Then, we get the characteristic polynomial of L(I2) :

p(λ, I2) = p0(I2) + p1(I2)λ + p2(I2)λ
2 + p3(I2)λ

3,

(22)

where p0(I2) = 0.0828, p1(I2) = 0.0667k1 +0.2865,
p2(I2) = k1 + 1.2037, p3(I2) = 1.

According to the equivalent conditions for the emer-
gence of Hopf bifurcation (a) and (b), we have

p0(I2) = 0.0828 > 0, (23)

D1(I2) = p1(I2) = 0.0667k1 + 0.2865 > 0, (24)

D2(I2) = p1(I2) ∗ p2(I2) − p0(I2) ∗ p3(I2) = 0,
(25)

dD2(I )

d I
|I=I2 = 1.1789 × 10−4 �= 0. (26)

Solving the two inequalities and one equality, one
get k1 = −0.844. Figure 4a shows the location of
the Hopf bifurcation has been successfully delayed
from I = 97.79 to I2 = 200µA/cm2. The point
I = 97.79µA/cm2 becomes an unstable equilibrium
point. When k1 = −0.844, the variation of the recip-
rocal of the filter time constant d changing with the
externally applied current I is shown in Fig. 4b.Wefind
that with the increase in the externally applied current
I , the reciprocal of the filter time constant d is decreas-
ing sharply below I = 120µA/cm2, and slowly over
I = 120μA/cm2. At I2 = 200µA/cm2, the relation-
ship between d and k1, i.e., k1 will decrease slowlywith
the increase in the reciprocal of the filter time constant
d, is shown in Fig. 4c.

From Figs. 3 and 4, we can see that the location of
the Hopf bifurcation point is transferred to the given
point according to our requirements when the parame-
ters are properly selected. What’s more, the change of
the parameters such as the reciprocal of the filter time
constant and the linear control gain have nonnegligible
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Fig. 3 aBifurcation diagram of closed-loopM–L system where
the inherent Hopf bifurcation has been advanced to I1 =
70µA/cm2 with k1 = 0.6963.bTwo-parameter diagram depict-
ing I with respect to d when k1 = 0.6963. c Two-parameter

diagram depicting I with respect to k1 when d = 1. d Two-
parameter diagram depicting d with respect to k1 at Hopf bifur-
cation point I1 = 70µA/cm2

influence on the Hopf bifurcation. Compared with the
uncontrolledM–L neuronmodel, the oscillation ampli-
tude of the bifurcated limit cycles of the controlled
M–L neuron model undergoes great changes, i.e., it
decreases when the Hopf bifurcation is advanced to
I1 = 70µA/cm2, and increases when the Hopf bifur-
cation is delayed to I2 = 200µA/cm2. Since the lin-
ear feedback controller only adjusts the location of the
Hopf bifurcation other than the stability of the bifur-
cated limit cycles, the location of the Hopf bifurca-
tion is supposed to regulate the oscillation amplitude,

i.e., the advanced Hopf bifurcation point results in the
decrease in the oscillation amplitude while the delayed
Hopf bifurcation point leads to the increase in the oscil-
lation amplitude.

3.3 The nonlinear feedback controller

When k1 = 0, k3 �= 0, this controller becomes a non-
linear feedback controller which is used to stabilize
the Hopf bifurcation. Let the nonlinear feedback gain
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Fig. 4 a Bifurcation diagram of closed-loop M–L system
where the inherent Hopf bifurcation has been delayed to I2 =
200µA/cm2 with k1 = −0.844. b Two-parameter bifurca-
tion diagram depicting continuation of Hopf bifurcation point

with respect to d when k1 = −0.844. c Two-parameter dia-
gram depicting d with respect to k1 at Hopf bifurcation point
I2 = 200µA/cm2

k3 = 1.75 and d = 1, Fig. 5a shows that the Hopf
bifurcation remains at I = 97.79µA/cm2, but the peri-
odic orbit becomes generically orbitally asymptotically
stable, which is called a supercritical bifurcation. At
the same time, the oscillation amplitude of the bifur-
cated limit cycle decreases greatly. Namely, the unsta-
ble limit cycles are translated to reduced amplitude sta-
ble limit cycles, and the subcritical Hopf bifurcation in
the uncontrolled M–L neuron model becomes super-
critical Hopf bifurcation in the controlled one. We con-

cludes that the stable bifurcated limit cycle can suppress
the oscillation amplitude of the bifurcated limit cycle.
When k1 = 0, k3 = 1.75, the relationship between the
reciprocal of the filter time constant d and the externally
applied current I is shown in Fig. 5b, which indicates
that the reciprocal of the filter time constant d has no
effect on the location of the Hopf bifurcation point.
Figure 5c depicts the relationship between the exter-
nally applied current I and the corresponding control
parameter k3. It is obvious that the value of k3 cannot
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Fig. 5 a Bifurcation diagram of controlled M–L system with
k1 = 0, k3 = 1.75 and d = 1. b Two-parameter bifurcation
diagram depicting continuation of Hopf bifurcation point with

respect to d when k1 = 0, k3 = 1.75. c Two-parameter bifur-
cation diagram depicting continuation of SNIC bifurcation point
and Hopf bifurcation point with respect to k3

affect the location of SNIC bifurcation point and the
Hopf bifurcation point.

When k1 �= 0, k3 �= 0, the controller is a linear-
plus-nonlinear feedback controller. Let d = 1, k1 =
−0.844, k3 = 3, Fig. 6a shows the location of Hopf
bifurcation is translated from I = 97.79 to I2 =
200µA/cm2, and the subcritical Hopf bifurcation is
transformed into the supercritical Hopf bifurcation. In
addition, the oscillation amplitude decreases greatly.
We conclude that the decrease in the oscillation ampli-
tude resulted from the stable bifurcated limit cycle is
supposed to far surpasses the increase in the oscilla-

tion amplitude resulted from the delayed Hopf bifur-
cation point according to previous discussion. Fig-
ure 6b shows the variation of the reciprocal of the
filter time constant d changing with the externally
applied current I when k1 = −0.844, k3 = 3. The
relationship between d and I is same as the case of
k1 = −0.844, k3 = 0 in Fig. 4b, which suggests that k3
can’t affect the location of the Hopf bifurcation point.
Figure 6c illustrates that the relationship between the
externally applied current I and the corresponding con-
trol parameter k1. Compared with Figs. 3c, 6c further
indicates that the nonlinear part of the controller can
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Fig. 6 aBifurcation diagramof controlledM–L system inwhich
the inherent Hopf bifurcation has been relocated to new position,
the stability and the oscillation amplitude have been changed
when d = 1, k1 = −0.844, k3 = 3. b Two-parameter bifur-
cation diagram depicting continuation of Hopf bifurcation point
with respect to d when k1 = −0.844, k3 = 3. c Two-parameter

bifurcation diagram depicting continuation of SNIC bifurca-
tion point and Hopf bifurcation point with respect to k1 when
d = 1, k3 = 3. d Two-parameter bifurcation diagram depict-
ing continuation of SNIC bifurcation point and Hopf bifurcation
point with respect to k3 when d = 1, k1 = −0.844

not affect the location of the Hopf bifurcation point.
Figure 6d depicts the relationship between the exter-
nally applied current I and the corresponding control
parameter k3. It is obvious that k3 can’t affect the loca-
tion of the Hopf bifurcation point, and only the linear
part of the controller affect the location of the Hopf
bifurcation point. Therefore, the linear-plus-nonlinear
feedback controller can change the location of theHopf
bifurcation point by the linear part, and regulate the
stability and the oscillation amplitude of the bifurcated

limit cycle by the nonlinear part. The above-mentioned
methods can also be applied to other complex nonlinear
dynamical systems such as higher-dimensional chaotic
systems [42] and multi-agent systems [43].

4 Conclusions

In this paper, we have emploied a washout filter-aided
dynamic feedback controller to control the onset of
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Hopf bifurcation in the M–L neuron model with type
I. The linear term of the linear-plus-nonlinear feed-
back controller determines the location of the Hopf
bifurcation, while the nonlinear cubic term regulates
the criticality of the Hopf bifurcation. Therefore, the
designed controller can advance or delay the Hopf
bifurcation, preventing it from occurring in a certain
range of the externally applied current. How the other
parameters affect the location of the Hopf bifurcation
point are further systematically analyzed. The proposed
bifurcation control method may have potential appli-
cations in the diagnosis and therapy of neurological
diseases.
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