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Abstract

Mental disorders may exhibit pathological brain
rhythms and neurostimulation promises to alleviate
of patients’ symptoms by modifying these rhythms.
Today, most neurostimulation schemes are open-loop,
i.e. administer experimental stimulation protocols
independent of the patients brain activity which
may yield a sub-optimal treatment. We propose a
closed-loop feedback control scheme estimating an
optimal stimulation based on observed brain activ-
ity. The optimal stimulation is chosen according to
a user-defined target frequency distribution, which
permits frequency tuning of the brain activity in
real-time. The mathematical description details the
major control elements and applications to biologi-
cally realistic simulated brain activity illustrate the
scheme’s possible power in medical practice. Clinical
relevance— The proposed neurostimulation control
theme promises to permit the medical personnel to
tune a patient’s brain activity in real-time.

1 INTRODUCTION

Mental disorders represent clinically significant dis-
turbances in an individual’s cognition, emotional reg-
ulation, or behavior. They occur in about a quarter
of Europe’s adult population [1]. In the last decades,
research identified characteristic neurophysiological
markers that hold the potential to classify mental
disorders and reveal their underlying similarities. For
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instance, psychotic disorders cause abnormal think-
ing and perceptions. Examples of such disorders are
bipolar disorder and schizophrenia. Neurophysiolog-
ical studies have revealed that most mental disorders
exhibit certain pathological rhythms that do not oc-
cur in healthy patients [2]. For instance, patients
suffering from Parkinson disease exhibit pathological
rhythms in the β-frequency band, i.e. ∼ 12 − 20Hz.
Electroencephalographic (EEG) studies have shown
that psychotic patients have a significantly weak α-
rhythm (oscillations of frequencies between 8Hz and
12Hz) and a very strong γ-rhythm (oscillations in the
range [30Hz; 60Hz]).

Since such pathological changes in the brain activi-
ties power spectrum are characteristic for each mental
disorder, a direct and tempting therapy approach at-
tempts to reverse the pathological rhythms and either
remove them or render them ’healthy’ by neurostim-
ulation. Such an approach has been shown to yield
impressive results in Parkinson disease by deep brain
stimulation [3], in several disorders by transcranial
Direct Current Stimulation [4] These techniques are
part of a family of open-loop techniques, i.e. the stim-
ulation signal is pre-defined and independent of the
current brain’s activity. Promising results were also
obtained in ADHD by neurofeedback [5], which along
side with [6, 7] comprise a closed feedback loop and
the stimulation is strongly related to neurophysiolog-
ical signal markers However, the signal feedback is
a specific signal feature extracted from the observed
brain activity, such as the spectral power in a cer-
tain frequency band. Moreover, the feedback signal
is typically presented visually on a screen or as audi-
tory information.



The present work combines previous techniques
by feeding back in real-time a neurostimulation sig-
nal computed from observed brain activity. Similar
closed-loop neurostimulation methods have been pro-
posed [8]. For instance, in Deep Brain Stimulation
(DBS) pre-defined high-frequency stimulation (typ-
ically of ∼ 130Hz) is applied if the observed brain
signals magnitude in the β-frequency band exceeds
a certain threshold. A similar threshold technique
in DBS applying pre-defined stimuli is coordinated
reset stimulation [9]. Both families of techniques uti-
lize a pre-defined stimulation signal. Conversely, our
approach estimates optimally the stimulation signal
from observed brain signals. The reference in the op-
timum search for stimulation is a user-defined power
spectral density for the observations. To this end,
a first method step aims to estimate a dynamical
model from observed brain activity yielding an esti-
mate of the brains transfer function. Then, a subse-
quent user-defined choice of a target transfer function
and a closed-loop feedback control permit to stimu-
late the brain so that the brains activity exhibits the
target distribution of spectral density.

Section 2 is devoted to the presentation of the
model estimation method, the closed-loop feedback
setup and the brain model under study. In Section 3,
we apply our methodology to the brain model and
demonstrates, as a perspective, how the medical per-
sonnel can tune the brains power spectrum by choice.
We finish with some conclusions and perspectives in
Section 4.

2 Model and closed-loop

We propose a model-based control method for neu-
rostimulation, which aims to increase α-activity and
decrease γ-activity in simulated electroencephalo-
graphic data (EEG). This strategy is motivated by
pathological EEG observed in psychosis [10, 11]. In
the following, we assume that under small stimula-
tion current, the brain response to the current is lin-
ear and time-invariant. The first key step in this
method is identifying the model brain response to
neurostimulation. To accomplish this, we utilize the
magnitude vector fitting algorithm, as described in

[12]. The second step is the design of a closed-loop
control system, including a controller synthesized to
produce the desired output frequency distribution,
based on the model brain neurostimulation response.

2.1 Brain model

The proposed closed-loop feedback scheme is applica-
ble to general models whose evolution can be approx-
imated well by a linear model. Since a large number
of successful neurophysiological EEG-models are lin-
ear [13], this constraint does not limit the power of
the proposed method. For illustration, we employed a
recently developed neural mass model [14] describing
the mean neurophysiological currents of two popula-
tions V1,2(t) in cortical tissue. Since these currents
are known to generate the EEG observed on the scalp
of subjects, their sum y(t) = V1(t) + V2(t) represents
the observed EEG signal. The model details are

τ1Ṙ1(t) = −κ(1)
v R1(t) + 2R1(t)V1(t) +

γ1
πτ1

τ1V̇1(t) = η1 + V1(t)
2 − π2τ21R1(t)

2 + κ(1)
s U1(t)

+ ξ1(t) + b1u(t)

τ2Ṙ2(t) = −κ(2)
v R2(t) + 2R2(t)V2(t) +

γ2
πτ2

τ2V̇2(t) = η2 + V2(t)
2 − π2τ22R2(t)

2 + κ(2)
s U2(t)

+ ξ2(t) + b2u(t),

(1)

with (Q1,2U1,2)(t) = R1,2(t) and Q1,2 =(
1 + 1

α1,2

d
dt

)2

. This system is a two population

mean-field model, where R1,2 represent the mean fir-
ing rate of population #1 and #2, while V1,2 repre-
sent their mean potentials. The system is driven by
the zero-mean finite size fluctuations ξ1,2 with vari-
ance σ2

1,2 and the neurostimulation input current u.
All the parameter values and their meaning are given
in Table 1.

2.2 Model estimation

The aim of our closed-loop controller is to estimate
the brain input response transfer function G(s), s ∈
C, which includes the brain dynamics, the neurostim-
ulation device, and the observation device. We em-



Table 1: Parameter set of the brain model (1), see
also [14].
All parameters show good accordance to physiologi-
cal findings [15].

parameter description value

τ1 synaptic time constant #1 8 ms
τ2 synaptic time constant #2 30 ms
α1,2 synaptic rate constants 500 Hz

κ
(1)
v gap-junction coupling #1 0.3

κ
(2)
v gap-junction coupling #2 0.5

κ
(1,2)
s synaptic coupling 1.0

η1,2 levels of excitability 1.0
γ1,2 networks heterogeneity 0.5
N number of neurons 1000
σ2
1,2 variance of finite size fluctuations 0.5/N

b1,2 input coupling 10

ploy observed brain activity, such as EEG, to esti-
mate G(s) as accurately as possible. However, this
is not a straightforward task since the observed sig-
nal is the sum of the resting state activity and the
stimulation response.
To address this problem, we first need to extract

the stimulation response from the observed signal. To
this end, as a first step, an arbitrary time-dependent
test input u(t) with time t is applied to the plant,
which generates the output

y(t) = y0(t) + yu(t),

where y0(t) is the brain resting state activity (with-
out stimulation) and yu(t) is the brain response to
the test stimulation u(t) defined by the convolution
product yu(t) := g(t) ⋆ u(t), where g(t) is plant unit
impulse response function.
The challenge is that during the stimulation, we

can only observe y. Therefore, we have to use pre-
vious data recordings to predict the resting state ac-
tivity y0 during the stimulation.We assume that the
resting state is wide-sense-stationary in time and de-
fine the time-dependent signals α(t), α0(t), αu(t) as
the deviations of y, y0, yu from their temporal mean.
Then

α(t) = α0(t) + αu(t),

with their corresponding complex-valued Fourier
transforms

α̂(f) = α̂0(f) + α̂u(f)

and their square magnitudes

|α̂(f)|2 = |α̂0(f)|2 + |α̂u(f)|2 + 2Re(α̂0(f)α̂
∗
u(f)).

It can be shown that since both α0 and αu have a
zero mean in the time domain, they also have a zero
mean in frequency domain. Since u(t) is arbitrary
and statistically independent of the resting state ac-
tivity, applying the Wiener-Khinchin Theorem [16]
we can rewrite this equation in terms of spectral den-
sities

Syy(f) = Sy0y0(f) + |ĝ(f)|2Suu(f)

|ĝ(f)|2 =
Syy(f)− Sy0y0

(f)

Suu(f)
,

(2)

where ĝ is the brain input response transfer function
in Fourier space and S··(f) denotes the power spectral
density. The power spectrum Sy0y0 was estimated
from the brain activity in the absence of any stim-
ulation, Syy was estimated from the observed brain
activity under test input u(t) and Suu was estimated
from the arbitrary test input directly. For the power
spectrum estimation, we employed Welch’s method
[17].

By applying the magnitude vector fitting algorithm
[12] on the computed magnitude data |ĝ(f)|2, we es-
timated ĝ(f) and thus obtained a plant model whose
dynamics is as close as possible to the brain dynam-
ics. Note that this technique does not require any
preliminary knowledge of the underlying brain model,
and the model (1) is used here only as a black box sys-
tem for numerical simulations. The accuracy of the
estimated model’s transfer function ĝ(f) is shown in
Fig. 1.

2.3 Closed-loop neurostimulation

Once the neurostimulation response model is identi-
fied, we use it in a closed-loop control scheme to ap-
ply the desired modifications to the EEG power spec-
tral density. The control scheme employs a feedback
loop, where the EEG signal is fed back to a controller
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Figure 1: The magnitude vector fitting al-
gorithm performed on open-loop stimulation
data accurately reproduces the magnitude and
phase shift properties of the brain input re-
sponse transfer function utilizing the brain
model (1). A) Time series of the resting state activ-
ity y0 (blue), the resulting brain activity y (red) and
the test input current u (green). B) Power spectral
densities computed from the respective time series.
C) Magnitude of the transfer function ĝ of the fit-
ted model (dashed cyan) compared to the magnitude
estimated from the spectral densities using (2) (red)
and the magnitude of the transfer function of the lin-
earized original model (1) (black). D) Phase shift
of the transfer function of the fitted model (dashed
cyan) compared to the phase shift of the transfer
function of the linearized original model (black).

K

G
+

y0
u y

Plant

Figure 2: Closed-loop neurostimulation circuit.
G and K represent the plant input response system
and the controller, respectively.

Table 2: Parameter set of the weighted double band-
pass filter, cf. Eq. (4).

parameter description value

f1 α-band natural frequency 10Hz
B1 α-band width 4Hz
c1 α-band weight 1.0
f2 γ-band natural frequency 40Hz
B2 γ-band width 30Hz
c2 γ-band weight -0.5

which produces the neurostimulation input signal in
real-time based on the identified model, see Fig. 2.
We define the desired transfer function from y0 to y
of the closed-loop system as

1 +H(s), (3)

where H(s) is a weighted double bandpass filter with
transfer function

H(s) = c1
B′

1s

s2 +B′
1s+ ω2

1

+ c2
B′

2s

s2 +B′
2s+ ω2

2

, (4)

with frequencies ω1,2 = 2πf1,2, bandwidth B′
1,2 =

2πB1,2 and weights c1,2. This filter has a frequency
band in the α-range with a positive weighs c1, and
a frequency band in the γ-range with a negative
weight c2, the parameter values are given in Table
2. The motivation for this choice of transfer function
is that this filter in the closed-loop transfer function
increases the gain of the output signal in the α-range
and decreases the gain of the output signal in the γ-
range. From this requirement, and from Fig. 2, we



write an equation for the controller K(s) that pro-
duces the desired closed-loop transfer function

K(s) =
H(s)

G̃(s)(1 +H(s))
, (5)

where G̃ is the transfer function of the fitted model G
andH is the transfer function of the filter defining the
desired frequency domain modification. Now calling
T (s) the closed-loop transfer function from y0 to y
and utilizing Fig. 2 and Eq. (5), we can derive the
closed-loop transfer function

T (s) =
1

1−G(s)K(s)

=
1

1−G(s) H(s)

G̃(s)(1+H(s))

=
1 +H(s)

1 +H(s)
(
1− G(s)

G̃(s)

) .
(6)

Under the assumption that G(s) = G̃(s), this expres-
sion simplifies to 1+H(s), which is the desired closed-
loop transfer function. Hence, the transfer function of
the closed-loop feedback proposed T (s) resembles the
reference transfer function 1 +H(s) for good model
approximations G(s) ≈ G̃(s).

3 Application of closed-loop
control

Simulation results show that the proposed control
method is able to successfully apply the desired mod-
ifications to the EEG frequency distribution, see
Fig. 3. Our results highlight that the proposed
closed-loop neurostimulation method was effective
in modifying the EEG frequency distribution. The
simulation study used an estimated non-parametric
brain model to control the EEG signal, and the re-
sults demonstrate increased α-activity and decreased
γ-activity. The comparison of the closed-loop gain
obtained from the data to the desired transfer func-
tion further confirms the success of the proposed
method in implementing the desired modifications in
the EEG signal.
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Figure 3: Closed-loop neurostimulation based
on the estimated brain model successfully in-
creases α-activity and decreases γ-activity of
the EEG signal. A) Time series of the resting
state activity (blue), the stimulated brain activity
(red) and the stimulation current (green). B) Spec-
tral densities of the output signals computed from
their time series. C) Spectral densities of the input
signal computed from the time series. D) Closed-loop
gain computed from the data (red) compared to the
desired closed-loop transfer function 1+H(s) (black),
cf. Eq. (4).

These results highlight the potential of the pro-
posed closed-loop neurostimulation in EEG-based ap-
plications and provide evidences for its feasibility in
modifying the EEG frequency distribution according
to the user-defined objective. To further demonstrate
the power of the proposed method, Fig. 4 shows how
the user may change the target frequency distribu-
tion over time and how the control loop tunes the
system’s activity accordingly. Here, the weight c1
for the α-band and c2 for the γ-band are modified
to enhance and/or diminish the power of the corre-
sponding system’s activity. In medical neurostimula-
tion practice, this real-time tuning of the frequency
distribution permits the medical personnel to adapt
the brain activity according to the patient’s need.

4 CONCLUSIONS

The proposed closed-loop feedback control scheme
permits to tune the frequency distribution of the
brain observations (EEG) according to the users de-
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Figure 4: Adjusting the weights of the closed-
loop filter allows tuning the frequency distri-
bution of the EEG signal in real time. The up-
per panel presents the time-frequency spectral power
distribution of the simulated EEG signal utilizing the
wavelet transform. It demonstrates the real-time tun-
ing of the frequency distribution through adjustments
in the weights of the closed-loop filter. The lower
panel shows the evolution of these weights over time.
The black curve corresponds to the weight c1 of the
α-band of the filter, and the red curve corresponds to
the weight c2 of the γ-band, cf. Eq. (4).

sired frequency distribution. The method was proved
successful on a non-linear brain model, accordingly to
our assumption of linearity of the response to small
input signals. Our results highlight the potential of
the closed-loop filter in tuning the frequency distri-
bution of EEG signals in real-time. This real-time
tuning of the frequency distribution may open new
avenues for developing brain-computer interfaces and
other EEG-based applications. Further research will
be needed to test this method in a real experimen-
tal setup, however, its adaptability to each patients,
and the ability to reliably tune the activity in cho-
sen frequency domains already makes it a promising
starting point for future research in closed-loop neu-
rostimulation in clinical practice.
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