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This work explores the function of the noisy direct delayed feedback (NDDF) control strategy in suppressing the
pathological oscillations in the basal ganglia (BG) with Parkinson’s disease (PD). Deep brain stimulation (DBS) alleviates
the PD state fantastically. However, due to its unclear mechanism and open-loop characteristic, it is challenging to further
improve its effects with lower energy expenditure. The noise stimulus performs competitively in alleviating the PD state
theoretically, but it cannot adapt to the neural condition timely and automatically due to its open-loop control scheme. The
direct delayed feedback (DDF) control strategy is able to disturb excessive synchronous effectively. Therefore, the NDDF
control strategy is proposed and researched based on a BG computational model, which can reflect the intrinsic properties
of the BG neurons and their connections with thalamic neurons. Simulation results show that the NDDF control strategy
with optimal parameters is effective in removing the pathological beta oscillations. By comparison, we find the NDDF
control strategy performs more excellent than DDF in alleviating PD state. Additionally, we define the multiple-NDDF
control strategy and find that the multiple-NDDF with appropriate parameters performs better than NDDF. The obtained
results contribute to the cure for PD symptoms by optimizing the noise-induced improvement of the BG dysfunction.

Keywords: basal ganglia, neural networks, Parkinsonian state, noise, delayed feedback
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1. Introduction
Changes in the neuronal firing rates and the abnormal

synchronous bursting activities in basal ganglia (BG) in the
Parkinsonian state are generally recognized to be induced
by the deficiency of dopamine in the brain.[1] The patholog-
ical beta (12–35 Hz) synchronization destroys the reliabil-
ity of thalamus (Th) neurons to relay the sensorimotor sig-
nals, which causes Parkinson’s disease (PD) symptoms like
tremor and akinesia.[2–4] Suppressing abnormal beta oscilla-
tions plays a key role in alleviating PD state. Now, deep
brain stimulation (DBS), especially that with high frequency
(>120 Hz), is effective in regulating the pathological neuronal
activities via injecting electrical pulses into the BG nucleus
such as the subthalamic nucleus (STN), the internal and ex-
ternal globus pallidus (GPi and GPe).[5–8] Nevertheless, DBS
performs poorer in energy utilization due to its intrinsic open-
loop properties,[9–12] which decreases the battery life and in-
creases the risk of device replacement surgeries. Thus, the
further development of DBS is restricted.

The abnormal synchronous exist in the BG network in the
PD state. Suppressing the synchronous is beneficial to allevi-
ate the PD symptom. The delayed feedback strategy is a typi-
cal closed-loop control method in neuronal desynchronization,
which adjusts the stimulation signals to adapt to the condition

of the synchronized neuronal activity in real time. It has a sim-
ple desynchronization mechanism and becomes popular since
proposed by Pyragas.[13–18] It has been proved that different
types of delayed feedback control algorithms (e.g., direct de-
layed feedback (DDF) and multiple-delayed feedback) have
significant effects in desynchronizing neural network.[19,20]

Thus, more and more researchers apply it to the disturbance
of the abnormal neuronal synchronous activities. In our previ-
ous work, the linear differential delayed feedback control al-
gorithm was used to suppress pathological oscillations based
on a neural mass model and was testified robust and effective
with four types of stimulus source and target combinations.[21]

M. Daneshzand used the linear differential delayed feedback
control strategy to modulate the frequency of DBS and demon-
strated it suppresses abnormal beta oscillations in PD state ro-
bustly and strongly.[5]

Noise is necessary for neuronal dynamical performance.
It has been proved that spatiotemporal noise with appropriate
parameters can enhance the spread of weak neural electrical
information.[22–24] A novel noise stimulus has been proposed
and explored in our previous work, in which we applied an
open-loop noise stimulus to the BG nuclei and demonstrated
its effectiveness in suppressing the abnormal beta oscillations
in the PD state.[7] However, the noise stimulus cannot be mod-
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ulated adaptively in an open-loop control strategy, which in-
duces unnecessary energy expenditure. Thus, the direct de-
layed feedback control algorithm is applied to adjust the pa-
rameters of noise stimulus in this work.

In this study, we mainly explore the function of the noisy
direct delayed feedback (NDDF) control strategy in suppress-
ing the pathological oscillations in the BG with PD. We first
establish a computational model of the BG-Th neuronal net-
work and describes the NDDF control strategy. Then, we are
devoted to presenting the effects of NDDF on pathological ac-
tivities alleviation and analyzing the impacts of the main pa-
rameters. Additionally, we also explore the multiple-NDDF
control strategy. Finally, we discuss the reason for inferior pe-
riodic in effective parameter region in NDDF and limitations.

2. Methodology
2.1. Model of BG-Th network

In this work, we use the BG-Th neuronal network model
modified in Ref. [6], originally proposed by Rubin and Ter-
man in Ref. [25]. The BG-Th neuronal network model has
been constructed to present behaviors in the normal physio-
logical state and PD state.[6] The main neuronal structures of
the BG-Th network model include Th, STN, GPe, and GPi
nuclei. As Fig. 1 shows, each nucleus has a population of 100
neurons with their excitatory and inhibitory interconnections.
Each STN neuron is inhibited by 2 GPe neurons. Each GPi
neuron is excited by an STN neuron and inhibited by a GPe
neuron. Each GPe neuron is excited by 3 STN neurons and
inhibited by 2 GPe neurons. Besides, each Th neuron is inhib-
ited by a GPi neuron and excited by a cortical input.

Th

STN

GPi

sensorimotor cortex

GPe

Fig. 1. The BG-Th neural network structure. Each nucleus has a pop-
ulation of 100 neurons. These nuclei are connected through excitatory
(red arrows) and inhibitory (blue arrows) synapses. Each GPi neuron is
excited by an STN neuron and inhibited by a GPe neuron. Each STN
neuron is inhibited by two GPe neurons. Each GPe neuron is excited
by three STN neurons and inhibited by two GPe neurons. Th neurons
received ISM (pink arrow) from the cortex.

The projections between different neurons are expressed
by Eq. (1), and Isyn

I,i (t) is the total synaptic currents of neuron
i in I nucleus from all presynaptic neurons j in J nucleus with

i = 1,2,3, . . . ,100 and I,J ∈ {Th, STN, GPe, GPi} at time t

Isyn
I,i (t) =

N

∑
j∈J, j=1

g j→ir j (t) [E j→i− vI,i (t− τI,i)], (1)

where g j→i is the coupling strength from neuron j to neuron
i. In this work, we hypothesize that the coupling strengths
are identical for all pairs within two specific nuclei. vI,i is
the membrane voltage of neuron i in I nucleus, and τI,i is the
synaptic delay. E j→i is the reversal voltage determining the
synaptic type with E j→i = 0 mV for excitatory synapses and
E j→i = −80 mV for inhibitory synapses. r j is the fraction of
the post-synaptically bound neurotransmitter

ṙ j = (1− r j)/(1+ exp(−v j))− r j/ts. (2)

As the synaptic decay rate, the ts was set to 10, 5, and
100 for the STN, GPe, and GPi neurons, respectively. Explicit
parameter values are listed in Ref. [6]. Notice that the value of
coupling strength from STN to GPi is 0.5 and that from GPi to
Th is 0.2 in this work.

2.2. Neuron models

The Izhikevich model[26] is widely used due to its advan-
tage in simulation. And it can simulate the dynamics of BG
and Th neurons, which contributes to exploring the mecha-
nism of PD condition.[27] Based on a hybrid Izhikevich model,
a large-scale BG-Th neuronal network has been constructed
in our previous work.[6] Thus, in order to expand the noise
stimulation effects to a larger-scale neuronal network, a hy-
brid Izhikevich neuron model is used to simulate a single
neuron.[28]

The dynamic of a single Th neuron is expressed as fol-
lows:

v̇Th,i = 0.04v2
Th,i +5vTh,i +140−uTh,i + Isyn

Th,i + ISM, (3)

u̇Th,i = aTh (bThvTh,i−uTh,i) , (4)

with the auxiliary after-spike resetting rule

if vTh,i > 30 mV, then
{

vTh,i = cTh,
uTh,i = uTh,i +dTh,

(5)

where uTh,i is a membrane recovery variable. Isyn
Th,i is the synap-

tic currents from GPi neurons to the neuron i in the Th nucleus.
Besides, ISM is the sensory-motor cortex current that is mod-
eled by a series of monophasic current pulses.[29]

Parameters aI , bI , cI , dI determine the exact behavior of
neurons.[26,30] aI and bI reflect the time scale of uI,i and the
sensitivity of uI,i to the subthreshold of vI,i, respectively. In ad-
dition, cI and dI are the after-spike reset values of vI,i and uI,i

with I ∈ {Th, STN, GPe, GPi}. Notice that uI,i is formulized
by an equation like Eq. (4), and the resetting rules of vI,i and
uI,i are similar to Eq. (5) with different adjusting parameters
list in Ref. [6].
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The STN nucleus shows synchronized bursting, which in-
duces rhythmic patterns.[5] Individual STN neurons are mod-
eled by

v̇STN,i = 0.04v2
STN,i +5vSTN,i +140−uSTN,i

+Isyn
STN,i + Iext

STN,i +λ1Istim, (6)

where Isyn
STN,i is the synaptic currents from GPe neurons to neu-

ron i in STN. Iext
I,i with I ∈ {STN, GPe, GPi} is the synaptic

input to neuron i in I nucleus from other brain regions. Differ-
ent values of Iext

I,i can achieve the switch of the firing patterns
from normal to PD state for a single neuron. Istim is the stimu-
lation current. Stimulation is applied when λ1 = 1, otherwise
λ1 = 0.

There are many similar properties between GPe and GPi
neurons, particularly continuous repetitive firing patterns. The
equations below describe the membrane voltage of GPe and
GPi cells:

v̇GPe,i = 0.04v2
GPe,i +5vGPe,i +140−uGPe,i

+Isyn
GPe,i + Iext

GPe,i +λ2Istim, (7)

v̇GPi,i = 0.04v2
GPi,i +5vGPi,i +140−uGPi,i

+Isyn
GPi,i + Iext

GPi,i +λ2Istim, (8)

where Isyn
GPe,i is the sum of the synaptic currents from STN and

GPe neurons to neuron i in GPe nucleus. Isyn
GPi,i is the sum of

the synaptic currents from STN and GPe neurons to neuron i
in GPi nucleus. The stimulation is applied when λ2 = 1, oth-
erwise λ2 = 0.

2.3. Description of the stimulation

For comparison, the traditional high-frequency DBS is
utilized. Thus, the stimulation Istim is described as follows:

Istim = ρIDBS +(1−ρ)IDDF. (9)

In the stimulated condition by using traditional DBS condi-
tion, 130 Hz DBS pulse trains are only injected into all STN
neurons with λ1 = 1, λ2 = 0, ρ = 1. The expression of IDBS is
shown as follows:

IDBS(t) = ADBSH
[

sin
(

2πt
ρDBS

)]
×
(

1−H
{

sin
[

2π (t +δDBS)

ρDBS

]})
, (10)

where the value of the amplitude ADBS, the period ρDBS and
the pulse width δDBS are 300 µA/cm2, 7.69 ms and 0.03 ms,
respectively. H(x) describes a Heaviside step function, with
the value 0 for x < 0, 1 for x > 0 and 0.5 for x = 0.

The stimulation Istim is adjusted by the DDF control algo-
rithm when λ1 = 1, λ2 = 1, ρ = 0. The local field potentials
(LFPs) of STN nucleus xSTN is the feedback variable. The con-
trol method mainly includes two procedures including DDF
control scheme, which only considers the time-delayed mean

field value without noise:

IDDF(t) = KxSTN (t− τ) , (11)

and NDDF control scheme, which takes into account the noise
and time-delayed mean field value:

IDDF(t) = KxSTN (t− τ)ξ , (12)

where K is the feedback gain, and τ is the time delay. Besides,
ξ is the continuous noise series. The noise signals in desired
frequency

[
f0, f0 +b f

]
can refer to Ref. [7], where f0 and

b f = 10 are the initial frequency and the bandwidth of noise
trains, respectively. For simplicity, we hypothesize the noise
signals are identical for all nuclei and they can spread from the
stimulation electrode placed in the BG.

In addition, xI(t) represents the LFPs of the I nucleus and
is formalized by the following equation at time t:

xI(t) =
N

∑
i=1

vI,i(t), I ∈ {STN, GPe, GPi} . (13)

2.4. Evaluation index

In order to validate the effects of the noisy direct delayed
feedback stimulation method, the following three indexes are
calculated and compared.

2.4.1. Power spectra

Abnormal synchronous activities in the PD state can be
detected from the spike times of neurons by calculating the
power spectrum. The power spectrum of each nucleus I can be
generated based on the Fourier transform of the LFP xI . Note
that the first 1000 ms of the simulation results are excluded.

SI( f ) =
∫ tmax

t0
(xI (t)− x̄I(t)) exp(−j2π f t) dt,

Power( f ) = |SI( f )|2/(tmax− t0),

I ∈ {STN, GPe, GPi} . (14)

2.4.2. Thalamic reliability

The reliability index (RI) quantifies the ability of the Th
neurons to respond to the sensorimotor inputs ISM. In the PD
state, the reliability of Th neurons is destroyed with lower RI,

RI = 1− (b+ r)/n, (15)

where b and r are the amount of bad driven by ISM and rebound
bursts, respectively. n is the total number of ISM pulses.

2.4.3. Energy expenditure

Energy expenditure restricts the application of the noise
stimulation in the control scheme mentioned above. There-
fore, it is an index for evaluating the performance of the noise
stimulation with that of DBS. The total electrical energy is cal-
culated by the following equations:

IRMS = N

√∫ T

0
(Istim

I,i )2(t)dt/T , (16)
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where T denotes the simulation duration. Note that DBS is
applied to STN neurons merely with N = 100 while the noise
stimulation is injected into all BG neurons with N = 300.

All simulations are implemented with the forward Euler
method with dt = 0.1 ms for the duration of 3000 ms. Con-
sidering the randomness of the initial conditions and the noise
series, all results are obtained from the average results of 30
independent simulation runs.

3. Results
In the simulation, the BG-Th neural network connectiv-

ity remains constant unless otherwise indicated. The neural
state can be switched by changing the value of Iext

I,i simulta-
neously for all neurons. In addition, the stimulus signals in
the DDF control strategy are applied to STN, GPe, and GPi
nuclei. Figure 2 shows the neuronal firing activities of all neu-
rons in the BG-Th network under normal state, PD state, and
stimulated state by DDF control strategy with K = 0.21 and

τ = 24 ms. It is obvious that the neuronal firing activities in the
PD state are more synchronous than those in the normal state
as lots of experimental recordings in PD patients present.[31,32]

In addition, the LFPs of STN, GPe, and GPi nuclei are also
given in Fig. 2, indicated by the red lines. The Th neurons in
the PD state fail to respond to the sensorimotor currents (red
lines) from the cortex more frequently with RI = 0.82, which
is lower than that in the normal state with RI = 0.98. Fortu-
nately, the pathological synchronization is suppressed after the
DDF control scheme is applied. It can be seen that the neural
firing activities get random which is close to the normal state.
Besides, the periodicities of the LFPs of STN, GPe, and GPi
nuclei are not distinct compared with the PD state, particularly
in GPe and GPi nuclei. And the value of the thalamic reliabil-
ity index RI reaches 0.94. Thus, the DDF control strategy is
effective in the suppression of neural abnormal synchronous
firing activities in STN, GPe, and GPi nuclei, as well as the
improvement of the thalamic reliability.
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Fig. 2. Raster plots of BG-Th neural network and the LFPs for BG network in the (a) normal state, (b) PD state, and (c) stimulated state by the direct
delayed feedback control strategy with K = 0.21, τ = 24. Note that the red pulse train in the spike raster plots of Th nucleus denotes ISM.
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Fig. 3. Combined impacts of time delay τ and feedback gain K on the (a) thalamic reliability RI and (b) energy expenditure IRMS.

Moreover, the impacts of the main parameters of the DDF
control strategy including feedback gain K and time delay τ on
the thalamic reliability RI and energy expenditure IRMS are ex-
plored. It can be seen from Fig. 3(a) that RI is improving since
K is up to 0.15, especially at integer multiples of half an oscil-
latory period. The effective region shows apparent periodicity.
In addition, the value of RI is close to 1 around K = 0.25,
whereas the neural network model is disabled simultaneously.
The neuronal activities in DDF control strategy with K = 0.21
and τ = 24 have been given in Fig. 2(c).

Besides, the energy expenditure IRMS for the different
parameter settings is shown in Fig. 3(b). We can find that
IRMS increases approximately linearly with the increase of
K. Interestingly, the energy expenditure of the DDF control
strategy is less than that of traditional high frequency DBS
(IRMS = 5922 µA/cm2) all the time. Thus, the DDF control
strategy performs effectively in alleviating the pathological PD
states expending less energy.

It can be seen that the effective parameter region of the
DDF control strategy is small from the previous part. In other
words, it is difficult to find appropriate values of K and τ to
adapt to the change of the condition of patients. It has been tes-
tified that the noisy open-loop stimulation strategy is effective
in the alleviation of PD in our previous work.[7] Considering
the defect of open-loop control strategy, the NDDF strategy is
proposed in this work. The NDDF stimulus has been given by
Eq. (12), and it can be regarded as an intensity-varied noisy
signal.

In order to compare the effects of DDF and NDDF control
strategies on suppressing pathological oscillation in the PD
state, power spectral densities are calculated under PD, nor-
mal, DDF stimulated, and NDDF stimulated states, as shown
in Figs. 4(a)–4(c), respectively. Compared to the normal state,
obvious beta oscillation peaks appear in the PD state. Both
DDF and NDDF control strategies can remove the patholog-
ical peaks effectively. Under the DDF stimulated state, how-
ever, new peaks emerge at 16 Hz and 7 Hz in the GPe and STN
nuclei, respectively. The NDDF control strategy, by contrast,
suppresses the beta pathological oscillations without inducing
any new peaks in other bands. The noise stimulus induces sub-

threshold oscillations of each neuron, which is similar to the
normal state. The possible mechanism of noise stimulation is
coherence resonance. The noise stimulus with a low intensity
leads to poor ability to change the system’s dynamics. Be-
sides, when noise intensity is excessively high, the neuronal
firing becomes random, which changes the system’s original
dynamics. Specific research has been provided in our previ-
ous work.[7] The results may reflect that the NDDF control
strategy is more suitable to improve the PD symptoms than
the DDF control scheme. Besides, the traditional high fre-
quency DBS induce new-born oscillations at 130 Hz, which is
not presented.

In addition, the thalamic reliability index RI is calculated
and given in Fig. 4(d). There is an exciting result that the
value of RI in the NDDF stimulated state reaches a normal
level. The above results fully prove that the NDDF control
strategy is more appropriate than the DDF strategy to enhance
the reliability of thalamic neurons.

In this work, we feedback the STN-LFP to modulate the
noise intensity. In reality, due to signal processing and trans-
mission, there is a time delay in the feedback process. Thus,
the time delay τ plays a crucial role in NDDF control strat-
egy designing. Besides, the feedback gain K is also important
in adjusting noise strength. The effects of K and τ on tha-
lamic reliability RI are explored in the following. Consider
that the mechanism of noise stimulation might be stochas-
tic resonance,[33,34] figure 5 presents the combined impacts
of K and τ on thalamic reliability for different initial fre-
quency f0 of noise signal by using the two-dimensional pa-
rameter spaces. Notice that the value of RI is slightly lower
than that in a single simulation, due to taking the average of
over 30 simulation results. Obviously, the value of RI is up to
a high level in a specific region for an exact initial frequency
band. Taking the example of 10 Hz < f < 20 Hz, as shown
in Fig. 5(b), the value of RI reaches 0.90 within a band do-
main with 0.4 6 K 6 1.8, which suggests that the region of
effective DDF parameters can be expended by applying noise
stimulation due to its randomness. Besides, the value of RI in
the NDDF control strategy with f0 = 10 Hz is higher than that
in 1 Hz, 50 Hz, and 100 Hz.
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Interestingly, by comparing the results of noise stimu-
lus in different frequency bands, it can be found that the ef-
fective range of feedback gain increases with the enhance-
ment of the initial frequency, which is consistent with previous
results that low-frequency-small-intensity or high-frequency-
large-intensity noise signals are effective in enhancing the tha-
lamic reliability.[7] Moreover, the energy expenditure IRMS of
NDDF increases linearly with the increase of K, which is not
given. Energy expenditure of the NDDF control strategy with
K and τ in the domain below the solid black line is lower than
that of traditional high frequency DBS. Therefore, the low-
energy and effective NDDF control strategy with smaller K
and f0 is more suitable to modulate the pathological PD states.

It was demonstrated that the multiple-delayed feedback
control method could suppress collective synchrony.[20] Next,
we explore whether the beta pathological oscillations can be
suppressed effectively by exploiting the multiple noisy direct
delayed feedback control. Modifying the multiple-delay con-
trol algorithm in Ref. [20], the multiple-NDDF control algo-
rithm is represented as follows:

Istim(t) = K
M

∑
m=1

xSTN (t−mτ)ξ/M, (17)

where M presents the multiple of τ . In other words, the
multiple-NDDF control scheme used the LFPs of STN nucleus
Mτ milliseconds ago. Comparing to the NDDF control strat-
egy, the multiple-NDDF considers more previous LFPs of the
STN nucleus, which reflects earlier firing condition of neurons
in the BG neural network. And note that the multiple-NDDF
is the same as NDDF when M = 1.

In order to compare the effects of different multiples of
multiple-NDDF control strategy on promoting the thalamic
reliability, the combined impacts of K and τ with initial fre-
quency f0 = 10 Hz are explored and represented in Figs. 6(a)–
6(e) via two-dimensional parameter spaces. For clarity, the
thalamic reliability at 0<K < 2.8 is displayed. It can be found
that the multiple-NDDF control strategy with M > 1 enhances
the value of RI more significantly than that with M = 1. In
addition, the effective parameter region in the multiple-NDDF
control strategy with M > 1 is larger than that with M = 1.
Considering the high value of RI at K = 1 as Figs. 6(a)–6(e)
present, in order to describe the differences between different
M of multiple-NDDF control strategy more clearly, Fig. 6(f)
presents the impact of M on the average RI and its error for
different time delay with K = 1. It can be found that the value
of RI increases first, then decreases with the enhancement of
the time multiple M, which indicates that an optimal M ex-
ists to maximum RI. Specifically, the optimal value of RI is at
M = 5. Thus, the multiple-NDDF control strategy plays an im-
portant role in alleviating the PD pathological states. And an

optimal effect can be obtained by adjusting the time multiple
M.

4. Discussion
There are lots of positive and negative synchronization

of neurons in the brain neural networks.[35–40] The patholog-
ical synchrony appearing in the PD state needs to be sup-
pressed. Many studies have shown that the delayed feedback
control strategies play a significant role in desynchronizing
neural networks.[5,19,20,41,42] Therefore, from the perspective
of neural dynamic characteristics, the delayed feedback con-
trol strategy is helpful to the suppression of beta oscillations,
which agrees well with the simulation results above. There
are many types of delayed feedback control strategies, such
as direct delayed feedback and differential delayed feedback
control strategies. In this work, we mainly explore the effec-
tiveness of noisy direct delayed feedback control strategy in
the treatment of PD.

We have proved that the effective delayed feedback pa-
rameter region is periodicity in our previous work.[21] How-
ever, from Figs. 5 and 6, the periodicity is absent in the ef-
fective NDDF parameter region. Comparing Eq. (11) with
Eq. (12), K in Eq. (11) is equal to Kξ in Eq. (12). For the
latter, the value of K can be obtained by dividing Kξ by ξ ,
which results in an extension of the effective parameter range
due to the randomness of noise signals. In other words, the pe-
riodicity of the effective parameter region is weakened. Thus,
the period disappears in NDDF and multiple-NDDF control
strategies, as Figs. 5 and 6 show.

The above results may bring new methods to alleviate the
PD states, but some limitations still exist in our model and con-
trol schemes. As for the BG model, we only pay attention to
the GPe, GPi, and STN nuclei but do not consider other nuclei
in the BG network.[43] Moreover, each nucleus has a popula-
tion of 100 neurons, which is quite different from the real ones.
Therefore, the NDDF and multiple-NDDF control strategies
should be further testified on biologically more realistic mod-
els and even directly in experiments. On the other hand, the
feedback signal is LFPs of the STN nucleus obtained by the
embedded and invasive electrode, which will bring trauma to
patients. Nevertheless, the above simulation results can pro-
vide the guideline of parameter adjustments of the noisy de-
layed feedback control system.

In this work, we proposed an intensity-varied deep brain
noise stimulation strategy, which acquires local field poten-
tial signals by using implantable electrodes. The method is
invasive. In the future, we will explore the noninvasive tran-
scranial noise stimulation method in alleviating PD symp-
toms. Accordingly, the electroencephalogram (EEG) signals
can be used as feedback signals. Because the EEG signals
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can reflect the beta rhythm in the PD state. Moreover, the
properties of the NDDF and multiple-NDDF control strate-
gies need to be explored, on which the design of adaptive de-
layed feedback controller is based. Finally, we will devote
ourselves to the hardware implementations of the BG-Th neu-

ral network model, NDDF control algorithm, and communi-
cations between model and stimuli. In this way, the proposed
NDDF control scheme will be further developed in the sup-
pression of pathological oscillations in the PD state in animal
experiments.
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Fig. 6. Combined effects of feedback gain K and time delay τ on the thalamic reliability for different multiple M of multiple-NDDF control
strategy, (a) M = 1, (b) M = 3, (c) M = 5, (d) M = 7, (e) M = 9, with initial frequency f0 = 10 Hz and (f) the impact of M on the average RI
for different τ with K = 1.

5. Conclusion

In this work, we explore the NDDF and multiple-NDDF
control strategies and verify their effectiveness in improving
the PD state. The NDDF control strategy is testified and
compared with other DBS methods, including traditional high
frequency impulse stimuli and DDF stimulus. By applying
the NDDF control scheme, the thalamic reliability can be en-
hanced significantly, and the neuronal pathological beta os-
cillations in the BG network can be suppressed effectively.
The energy expenditure is reduced markedly at the same time.
Specifically, the region of effective feedback gain of the DDF

control strategy can be extended by using the noise signals
due to its randomness. Besides, the NDDF control strategy
with appropriate parameters suppresses the beta oscillation
without inducing any new peaks in other frequency bands,
and the value of the thalamic reliability is close to the nor-
mal condition. By exploring the roles of NDDF parameters,
we find that small-feedback gain and small initial frequency
are more suitable to alleviate the PD state. Furthermore, the
multiple-NDDF control strategy is analyzed, and we find that
the multiple-NDDF with appropriate parameters performs bet-
ter than NDDF. In other words, the effects of the NDDF con-
trol strategy can be optimized by adjusting the time multiple
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on improving Parkinson’s symptoms.
This work may provide guidance for the research and

application of nonlinear dynamics in improving neurological
dysfunction.[44,45] In addition, based on this work, effective
treatments for other neurological diseases like Alzheimer’s
disease will be developed by establishing the computa-
tional model of other brain regions and changing the stimuli
targets.[46–48] Moreover, the simulation results may pave the
way for the implementation of a novel noisy direct delayed
feedback stimuli system. Next, we will concentrate on the
experimental evidence, like other DBS patterns,[49–51] which
is significant to prove the effectiveness of the NDDF control
strategy in affecting the whole neural system via synaptic con-
nections.
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