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Parkinsonian oscillations and their suppression by closed-loop deep
brain stimulation based on fuzzy concept
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This paper provides an adaptive closed-loop strategy for suppressing the pathological oscillations of the basal ganglia
based on a variable universe fuzzy algorithm. The pathological basal ganglia oscillations in the theta (4–9 Hz) and beta
(12–35 Hz) frequency bands have been demonstrated to be associated with the tremor and rigidity/bradykinesia symptoms
in Parkinson’s disease (PD). Although the clinical application of open-loop deep brain stimulation (DBS) is effective, the
stimulation waveform with the fixed parameters cannot be self-adjusted as the disease progresses, and thus the stimulation
effects go poor. To deal with this difficult problem, a variable universe fuzzy closed-loop strategy is proposed to modulate
different PD states. We establish a cortico-basal ganglia-thalamocortical network model to simulate pathological oscilla-
tions and test the control effect. The results suggest that the proposed closed-loop control strategy can accommodate the
variation of brain states and symptoms, which may become an alternative method to administrate the symptoms in PD.

Keywords: deep brain stimulation, Parkinson’s disease, basal ganglia, closed-loop control, variable universe
fuzzy
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1. Introduction
Parkinson’s disease (PD) is a common neurodegenerative

disease in people over 60 years of age.[1] The most obvious
symptoms of PD patients are tremor, limb rigidity, hypokine-
sia, and gait abnormalities.[2] The most common therapy in the
early stages of the disease is pharmacological treatment with
levodopa (L-DOPA).[3,4] However, side effects such as muscle
tremors and rigidity may appear after taking L-DOPA for 3–5
years.[5] In this stage, deep brain stimulation (DBS)[6–8] can
effectively reduce symptoms in PD.[9–12] DBS is a neurosur-
gical procedure in which electrodes are implanted at specific
locations in the brain and the implanted battery power pro-
vides a constant or interrupted current.[13,14] The electrodes
deliver electrical stimulation to the target regions. As an es-
tablished clinical therapy, DBS is not only an effective treat-
ment for movement disorders of PD patients but also being
applied to the treatment of Depression, Dystonia and Tourette
syndrome.[14]

Currently, the open-loop DBS is widely used in clini-
cal. Stimulus parameters have a great influence on the stim-
ulation effect but it will take a long time to find the appro-
priate parameters. The open-loop configuration fails to adapt
to the changes in symptom severity and the other variations
of brain. In addition, constant stimulation may lead to ex-
cessive stimulation, shorten the battery life, and reduce the
stimulation efficiency.[15,16] Consequently, developing a new
form of closed-loop or adaptive DBS is an effective method
to address these limitations.[17] Compared to open-loop DBS,
closed-loop DBS allows one to monitor the patient’s patholog-

ical status according to the neurophysiological signals, and to
adjust stimulation based on the feedback.[1,16] Hamani et al.
used a closed-loop system to automatically adjust the stimula-
tion parameters and thus reduced the side effects of the stim-
ulation in patients with PD by 19%.[18] Little et al. applied
adaptive DBS according to an empirically determined thresh-
old as feedback achieving motor improvement and the energy
consumption has reduced by 50%.[19]

The feedback information is one of the greatest chal-
lenges in the closed-loop DBS. A biomarker, closely related
to the patient’s pathology, is needed to be found. Local field
potential recordings show that DBS or the application of L-
DOPA suppresses beta band synchronized oscillations.[20–22]

Many studies used the beta band (12–35 Hz) signals as the
biomarker.[16,23–25] However, electrophysiological investiga-
tions have shown that the pathological oscillations in the 4–
8 Hz are also associated with tremor symptoms.[26,27] Thus,
the closed-loop DBS only using the beta band (12–35 Hz) sig-
nals as the biomarker is insufficient. It is reasonable to apply
closed-loop DBS based on the original local field potential sig-
nals.

Many control strategies have been applied to closed-loop
DBS.[28,29] Pyragas et al. proposed a proportional-integral-
derivative (PID) control strategy by utilizing a configura-
tion with an observed and stimulated subsystem to desyn-
chronize the globally coupled oscillatory networks.[30] The
biomarker is the mean field of the observed subsystem. Dunn
et al. applied the PID control strategy to the closed-loop DBS
system.[25] However, it takes a long time to deregulate the pa-
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rameters of PID control, and parameters need to be re-adjusted
as PD states changed. This means that a group of parameters
cannot work well under different PD states, which may even
cause distress for the patients.

Currently, the adjustment of DBS parameters for PD pa-
tients needs to be performed by experienced physicians and
can only act on the treatment of a single situation. It may
take a long time and may also have side effects. Fuzzy con-
cept control uses the same cognitive methods to make the con-
troller adjust the parameters like an experienced doctor. It
may automatically adjust the stimulation waveform according
to various Parkinsonian states based on human thinking. In
addition, our previous work has tested the fuzzy control and
demonstrated that it plays a propound role in restoring the ab-
normal relay reliability of thalamocortical neuron.[31] Thus, to
further facilitate a closed-loop DBS, a variable universe fuzzy
control strategy to incorporate DBS is proposed in this work,
which aims at enhancing the modulation efficiency of PD os-
cillations.

The main remainder of the paper is organized as follows:
Section 2 describes a computational network model of PD and
the design of the controller. Section 3 shows the control effects
and compares the performance of the variable universe fuzzy
controller and the fuzzy controller. The conclusions are given
in Section 4.

2. Models and methods
2.1. Models of cortico-basal ganglia-thalamic neural net-

work

A cortico-basal ganglia-thalamic neural network model is
constructed, as shown in Fig. 1. The basal ganglia mainly con-
sists of three parts, i.e., subthalamic nucleus (STN), external
globus pallidus (GPe) and internal globus pallidus (GPi). The
cortex mainly consists of two parts, i.e., pyramidal neurons
(PY) and interneurons (IN). In our model, each population
containing N = 100 single-compartment Izhikevich neurons
is connected by various excitatory and inhibitory synapses
sparsely. Red arrows indicate excitatory projections, and blue
arrows indicate inhibitory connections. Figure 1 shows the
details of the synaptic connections of the population, where
each STN neuron receives inhibitory projections from two ran-
domly selected GPe neurons and excitatory projections from
two randomly selected PY neurons. Each GPe neuron receives
inhibitory inputs from two randomly selected GPe neurons and
excitatory inputs from three STN neurons. The GPi neurons
receive excitatory inputs from three randomly selected STN
neurons and inhibitory input from a single GPe neuron. Each
thalamic (TH) neuron receives inhibitory inputs from a single
GPi neuron. The PY neurons receive not only excitatory inputs
from five randomly selected TH neurons but also inhibitory in-
put from an IN neuron.

STN

GPe

GPi

TH

IN

PY

Excitatory Inhibitory

 
 

Fig. 1. Detailed connection of basal ganglia-thalamo-cortical network
model.

A hybrid Izhikevich neuron model, computationally less
expensive than a biophysical model and suitable to capture
various firing activities, is used to simulate every single neu-
ron. The model combines a set of spike functions and a dis-
continuous after-spike reset. The equations of the model are
given in the following form:[32]

dvM,i/dt = 0.04v2
M,i +5vM,i +140−uM,i +∑ Isyn

M,i , (1)

duM,i/dt = aM (bMvM,i−uM,i) (2)

with the following auxiliary after-spike resetting rule:

if vM,i ≥ 30 mV, then
{

vM,i← cM,

uM,i← uM,i +dM,
(3)

where (M, i) represents the ith neuron in the M nucleus with
i = 1, 2, . . ., 100 and M ∈ {STN, GPe, GPi, TH, PY, IN};
v is the membrane potential and u is a recovery variable that
provides negative feedback to v. Moreover, v and u are reset
according to Eq. (3) whenever v exceeds the threshold (i.e.,
30 mV).

Four dimensionless model parameters aM , bM , cM , and
dM can be combined to characterize the dynamics for each
neuron in the nucleus M. The time scale of u can be deter-
mined by parameter aM and the sensitivity of u to the sub-
threshold fluctuations of v can be determined by parameter bM .
More specifically, a larger aM leads to a faster recovery and a
small value of bM shows the coupling between v and u.

∑ Isyn
M,i(t) represents the total synaptic current into the ith

neuron in nucleus M from its pre-synaptic neurons at time t:

∑ Isyn
M,i(t) = ∑

J
∑

j
gJ→MrJ, j(t) [EJ− vM,i (t− τM)] , (4)

where gJ→M describes the strength of the synaptic coupling in-
tensity with J,M ∈{STN, GPe, GPi, TH, PY, IN}. The values
of gJ→M are different in normal and PD states based on the bi-
ological details. The parameter EJ→I is the reversal potential
with EJ = 0 mV for excitatory synapses and EJ =−80 mV for
inhibitory synapses, and τM is the synaptic delay. The synapse
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variable rJ, j, as a fraction of the postsynaptically bound neu-
rotransmitter, obeys the following first-order kinetics:

drJ, j/dt = (1− rJ, j)/ [1+ exp(−vJ, j)]− rJ, j/ts, (5)

where ts is the synaptic decay rate.
The parameters of the Izhikevich model are changed in

order to simulate more physiological and pathological phe-
nomena. The detailed values of the parameters used in the
simulations are listed in Table 1. All the simulations are car-
ried out in MATLAB R2018b.

In our previous study,[31] a variable universe fuzzy
closed-loop method is designed to restore the relay ability of
TH neurons automatically. It has been proved that the variable
universe fuzzy control can avoid adjusting controller’s param-
eters repeatedly and improve the robustness of the controlled
system. In order to adapt to the problem of decreased effec-
tiveness of the controller due to PD progression, we apply this
method to closed-loop DBS to control the basal ganglia net-
work.

Considering that STN is selected as the target nucleus for
typical DBS, Eq. (1) for the STN nucleus is modified as fol-
lows:

dvSTN,i/dt = 0.04v2
STN,i +5vSTN,i +140−uSTN,i

+∑ Isyn
STN,i + IDBS, (6)

where IDBS describes the stimulation current applied to the
STN with the frequency in the range 130–180 Hz. In or-
der to avoid tissue damage, the stimulation pulses adopt pos-
itive and negative charge balance form, which consists of a
short-duration high-amplitude pulse and a long-duration low-
amplitude pulses of opposite polarity. Thus, the total charge
of the two-phase pulse is zero.[33] The details of the DBS
are shown in Fig. 2. The short duration is 200 µs, while the
long duration is twenty times longer than the short one. Ac-
cordingly, the amplitudes of the high-amplitude pulse are one-
twentieth of the low-amplitude pulse.

Table 1. Parameter values of the model.

Izhikevich parameters in the normal state→PD state

aSTN 0.01→[0.01, 0.045] gGPe→GPi 0.6→0.4
aGPe 0.025→0.01 gPY→STN 0.2→0.1
aGPi 0.025→0.01 gPY→IN 0.2→0.01
aPY 0.001 gTH→PY 2→1.9
bPY 0.1→0.2 gSTN→GPe 0.01→[0.4, 0.6]
bIN 0.2 gSTN→GPi 0.02→[1, 1.2]
cGPe –65 gGPi→TH 0.01→1.5
cGPi –65 gIN→PY 0.02→0.06
cTH –65 Synaptic delay
dSTN 15→[7,16] τGPe→STN = 6 ms
dGPe 12 τGPe→GPi = 6 ms
dGPi 12→4 τGPi→TH = 6 ms
dPY 4 τTH→PY = 6 ms
dIN 8 τPY→ST N = 6 ms
ISTN 1 τSTN→GPe = 2 ms
IGPe 8 τSTN→GPi = 2 ms
IPY 5 τGPe→GPe = 2 ms
IIN 5 τPY→IN = 2 ms

Coupling strength τIN→PY = 2 ms
gGPe→STN 0.5→0.3 Network connections

Sparse random network
gGPe→GPe 1.5→0.6

THGPiSTN

GPe

PY INFuzzy controller

Defuzzification

Inference
mechanism

Rule base

Fuzzificationd
dt

Contraction expansion 
Factor fuzzy controller

IDBS

u

↩

⇁yd

ec

e

factors

y

Contraction expansion 

Fig. 2. Scheme of the variable universe fuzzy control system based on cortico-basal ganglia-thalamic network.
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2.2. Fuzzy logic control strategy

Figure 2 shows the block diagram of the control strategy,
where yd represents the local field potential signal of the STN
in the desired state and y is the feedback signal. The error
e between yd and y constitutes one major input of the fuzzy
controller. Another input of the controller ec = de/dt charac-
terizes the change rate of e.

The fuzzy control algorithm[34–36] is implemented when
each DBS pulse comes. Thus, the feedback signal y is only
calculated once averagely from the local field potential of the
STN since the previous stimulation pulse arrives. The vari-
able universe controller consists of a main fuzzy controller
and an auxiliary fuzzy controller. The two fuzzy controllers
work together. Fuzzy control strategy is an intelligent con-
trol algorithm which works like an expert proficient in this
task.[37] Both fuzzy controllers use standard Mamdani infer-
ence method. Here, according to the functional characteristics
of the auxiliary fuzzy controller, the auxiliary fuzzy controller
is renamed as contraction–expansion factor fuzzy controller. It
is responsible for the regulation of contraction–expansion fac-
tor to adjust the universe of the main controller. The universe
shrinks as the error decreases and it also expands as the error
increases. In this way, the precision of the controller improves
greatly by using its output u to modulate the amplitude of the
DBS high-amplitude pulse. The details of the fuzzy controller
are based on our previous work.[31]

2.3. Evaluation index

(i) Summation of band power (Ps).
The sum of specific band power is an important index for

evaluating model states. The power PM( f ) for each frequency
is calculated in the following form:

PM( f ) =
1
f

∣∣∣∣∫ tn

tn−1000+dt
(yM(t)− ȳM(t))(−j2π f t)dt

∣∣∣∣2, (7)

where fs is the sampling frequency of the power spectrum, be-
ing set to 104 Hz here; tn represents the current time in the
simulation. Use the last 1 s of the simulation results to calcu-
late the power spectrum.

Pbeta and Ptheta are used to indicate the strength of the beta
band oscillations and theta band oscillations. The correspond-
ing calculation methods are described in the following way:

PM
beta =

35 Hz

∑
f=12 Hz

PM( f ), M ∈ {PY, IN,STN,GPe,GPi,Th}, (8)

PM
theta =

8 Hz

∑
f=4 Hz

PM( f ), M ∈ {PY, IN,STN,GPe,GPi,Th}. (9)

(ii) Control effectiveness index (CI).

CI is used to measure the effectiveness of closed-loop
DBS. All the investigations are based on closed-loop control
of the network. Therefore, CI is defined to measure the effec-
tiveness of control. The calculation method is expressed by
the following formula:

CI = 100PS1/PS2, (10)

where PS1 is the summation of the band power under closed-
loop control of the controller. For the PD1 state, PS1 represents
the sum of energies of 4–8 Hz, whereas, for the PD2 state, PS1

represents the sum of energies of 12–35 Hz. PS2 refers to the
summation of corresponding band power before the control,
i.e. in PD states. The value of CI represents the percentage
of the summation band power after control compared to that
before control.

(iii) Energy consumption index (EI).
The energy consumption of the controller is measured by

the following formula:

EI =
√

I2
DBSN, (11)

where IDBS is referred to the injected current of the neurons,
and N is the total number of neurons that receives injected cur-
rent in the simulation.

3. Results
3.1. Model verification

In our study, the intrinsic and coupling parameters are
changed to simulate normal and PD states.

Figure 3 is the spike raster of the neural network depict-
ing the firing of all neurons in each nucleus at different times
and the overall behavior of the nucleus can also be obviously
noticed. Each row corresponds to a unique nucleus and each
point corresponds to one spike of a neuron. It can be noticed
that more synchronous activities occur in each nucleus under
the PD state.

To further verify the models and investigate the influence
of neuronal parameters in the STN nuclei on oscillation fre-
quency, we investigate the oscillation peaks of local field po-
tentials of individual nuclei in the network by varying the val-
ues of aSTN and dSTN. the panels in the upper row of Fig. 4 il-
lustrate the peak frequency and peak power of the spectrum of
the STN, GPe and GPi as the values of aSTN and dSTN change.
It shows that the model can produce PD states with an oscil-
latory main frequency of STN between 5.5 and 27.5 Hz. Si-
multaneously, the panels in the lower row of Fig. 4 depict the
power of the corresponding oscillatory peaks, which reflects
the strength of the oscillations. The intensity of the oscilla-
tions with a higher frequency than 22 Hz becomes weaker in
STN and GPe.
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Two representative PD states, labeled as PD1 and PD2,
are selected to characterize the abnormal oscillation in PD. For
PD1 state, aSTN is 0.01 and dSTN is 10. For PD2 state, aSTN

is 0.03 and dSTN is 8. The cardinal oscillation frequencies of
the STN are 7 Hz in the theta band and 18 Hz in the beta band,
respectively. Figure 5 shows the firing rates which are calcu-
lated during the first 3 s. It can be shown that the firing rate of

STN in the normal state is higher than that of theta oscillation
in the PD1 state, but is lower than that of beta oscillation in the
PD2 state. Compared with the normal state, the pathological
firing rates decrease in the GPe, TC, PY, and IN, but increase
in the GPi. This simulation result is consistent with the previ-
ous studies that were developed in 1-methyl-4-phenyl-1,2,3,6-
tetrahydropyridine treated primates and PD patients.[38–40]
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Figure 6 shows the power spectrum of the local field po-
tentials of the STN nuclei in normal, PD1 and PD2 states, re-
spectively. It can be seen that the power spectrum of the PD1
state shows a peak at 7 Hz and the peak in the beta frequency
band occurs in the PD2 state, which reveals pathologically en-
hanced oscillatory activities compared to the normal state.
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3.2. Comparison of the performance of fuzzy logic closed-
loop control and variable universe fuzzy logic closed-
loop control

In order to examine the robustness of the variable uni-
verse fuzzy controller and the fuzzy controller, the parameters
of both controllers are unchanged while the pathological os-
cillation frequency peaks are changed. A set of parameters of
the two controllers are chosen to suppress beta oscillations. In
the design of the fuzzy controller, the universes of the two in-
puts (i.e. error and the change rate of error) are both set to
be [−3, 3] without loss of generality. By multiplying factors
labeled by Ke and Kec, the initial values of both inputs can
be located within the universes. Considering that the range of
error e is about [−3.5, 3.5] and the change rate ec ranges from
[−3.3, 3.3] from several pre-experiments, Ke for the ordinary
fuzzy logical control strategy is set to 0.8 and Kec is set to 0.9,
correspondingly. Though in the variable universe fuzzy con-
trol strategy, all the settings of the controller are consistence
with the ordinary one and the universes of main and auxiliary
controller are both [−3, 3].

As shown in Fig. 7, the two types of fuzzy logic con-
trollers can effectively relieve the PD1 and PD2 states. It is
worth noting that the control parameters are unchanged for the
two different PD states. Figures 7(a) and 7(b) show the power
summation at the frequencies of 3–8 Hz and 12–35 Hz. It

can be determined whether the fuzzy controller and variable
universe fuzzy controller can effectively reduce the oscillation
reflected by a significant reduction of peak power. Moreover,
we notice that the power of the spectral peak under the vari-
able universe fuzzy controller is lower than that of the fuzzy
controller.

Figure 8 shows the injected currents waveform of fuzzy
controller and variable universe fuzzy controller, respectively.
The stimulation current is injected into the objective network
at t = 3 s.
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Fig. 7. Power spectrum of the local field potential of STN nucleus in
PD1 (a) and PD2 (b) states.
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Figure 9 shows the time-frequency diagrams of STN neu-
rons of variable universe fuzzy controller in the simulation.
Figure 9(a) depicts the time-frequency diagram of the normal
state of the nucleus in 8 s. Figures 9(b) and 9(c) depict the dif-
ferences in time-frequency diagrams before (i.e. the first 3 s)
and after (i.e. 3–8 s) DBS for PD1 and PD2 states. In Fig. 9(b),
when DBS is not applied for the first 3 s, there is an obvious
7 Hz oscillation. A significant decrease in 7 Hz oscillations is
seen in the STN nucleus when the 130 Hz DBS is applied at
t = 3 s. However, in Fig. 9(c), the STN neurons exhibit the
18 Hz oscillation in the first 3 s. The DBS is started at t = 3 s,
after which the oscillation in the beta band soon disappears.

Quantitative evaluation is further conducted by inducing
some indexes. Figure 10 presents the control effectiveness
index (CI), and the summation of band power (Ps) is calcu-
lated in Fig. 11. Figure 12 shows the energy consumption (EI)
used to generate stimulus current waveforms of the two con-
trollers. Both fuzzy controllers can achieve effective control
over various PD states, as shown in Fig. 10. In Fig. 11, 3–8 Hz
band power under the fuzzy controller is about 10 times than
that of variable universe fuzzy controller in the case of PD1.
The fuzzy controller reduces 3–8 Hz band power to 25 percent
while the variable universe fuzzy controller reduces 3–8 Hz
band power to 2.5 percent of the PD1 state. In the case of
PD2, the beta band power of LFP in STN under the fuzzy con-
troller is 3 times higher than that under the variable universe
fuzzy controller. Moreover, the energy consumption of vari-
able universe fuzzy controller is 67% and 78% of the fuzzy
controller in the cases of PD1 and PD2, respectively. It can
be demonstrated that the variable universe fuzzy controller ex-

hibits a superior performance than the ordinary fuzzy with the
limitation of the unchanged controller parameters. The vari-
able universe fuzzy controller can further reduce the abnormal
oscillation in the basal ganglia network by costing less energy.
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4. Conclusions
This paper proposes a computational network of the basal

ganglia-thalamo-cortical using the hybrid Izhikevich neuron
model in order to reproduce the dynamical characteristics of
the Parkinsonian state. The difference in the frequency of
pathological oscillation corresponds to the different clinical
manifestations. This work generates the beta and theta os-
cillations through the adjustment of the model. Based on
the computational neural network, two types of fuzzy control
strategies are adopted to suppress the abnormal oscillation in
the basal ganglia-thalamo-cortical network. Simulation results
show that DBS with variable universe fuzzy control strategy
can effectively control different oscillations without changing
the controller parameters. The control effectiveness of vari-
able universe fuzzy controller exhibits better performance than
that of ordinary fuzzy control strategy with a stronger ability
to suppress the abnormal oscillation and a lower stimulation
energy expenditure.

However, there is a limitation that this work simulates the
computational model in the computer, without considering the
hardware extra cost for the complex algorithm. Thus, we can
further deploy the controller to the hardware, which will also
be a very challenging, meaningful job.
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