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Abstract— In this paper we present an off-line Kalman
filter approach to remove transcranial magnetic stimulation
(TMS)-induced artifacts from electroencephalographic (EEG)
recordings. Two dynamic models describing EEG and TMS sig-
nals generation are identified from data and the Kalman filter is
applied to the linear system arising from their combination. The
keystone of the approach is the use of time-varying covariance
matrices suitably tuned on the physical parameters of the
problem that allow us to model the non-stationary components
of the EEG/TMS signal neglected by conventional stationary
filters. The approach guarantees an efficient deletion of TMS-
induced artifacts while preserving the integrity of EEG signals
around TMS impulses. Experimental results show that the
Kalman filter achieves a significant performance improvement
over standard stationary filters.

I. INTRODUCTION

Transcranial magnetic stimulation (TMS) allows

noninvasive brain stimulation of intact humans using

rapidly time-varying magnetic fields generated by a coil

positioned in contact with the scalp [4], [8]. Besides

the investigation of corticospinal motor pathways after

stimulation of the motor cortex [8], [17], TMS of non-motor

areas offered the unique opportunity to study several

cognitive functions in a causal manner [15], [20]. Recently

TMS has been combined with other functional imaging

techniques [18]: PET (Positron Emission Tomography) [12],

SPECT (Single Photon Emission Computed Tomography)

[10], fMRI (Functional Magnetic Resonance Imaging) [2],

EEG (Electroencephalography) [19] and with a different

timing with respect to the functional scanning, thus

providing different but complementary information about

cortical activity. While PET, SPECT and fMRI suffer from

poor temporal discrimination (in terms of seconds fMRI,

minutes PET), they are still the gold standard as to spatial

resolution [9]. However, brain responses occurring in the

first tens of milliseconds following TMS are necessarily

neglected, though such temporal window includes profound

and function-related TMS-induced neural events which

may have pathophysiological relevance and can help

to causally elucidate neural substrates sustaining higher

cognitive functions. EEG/TMS may fill this gap, since it

provides, together with high temporal resolution, unique
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magnetic artifacts

TMS coil

Fig. 1. TMS induces magnetic artifacts on the EEG trace.

information about the characteristics of cortical reactivity

and connectivity [5].

A technical drawback of EEG/TMS coregistrations is that

the TMS impulse induces high amplitude and long-lasting

artifacts on the EEG trace (see Fig. 1). The term artifact

identifies any potential, not generated by the brain, that

affects the EEG signals and thus modifies, twists or deletes

the normal cerebral electric signal. The magnetic field

generated by TMS usually saturates the EEG electrodes

for 20-30 ms and even with special amplifiers designed to

work with MRI, the electrodes can not correctly record the

cerebral activity in this period of time.

To solve this problem two coarse on-line strategies have

been proposed so far. The first one uses sample-and-hold

circuits to keep constant the output of the amplifiers during

the impulse [5]. The amplifiers return to their normal

operation after the impulse. The second method turns

off the amplifiers 10 ms after the stimulus. Besides the

high costs due to the complex circuits, these methods

cut off the EEG trace during TMS stimulation [11], [14].

Therefore the information of the signal around the impulse

is irremediably lost.

An alternative to on-line strategies is represented by off-line

approaches. In this case the artifacts are removed only after

the complete acquisition of the EEG/TMS coregistration.

Off-line artifact suppression strategies are still in their

infancy. In [3], [19] the authors propose to remove TMS-

induced artifacts by simply subtracting the mean artifact.
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This strategy is indeed effective to remove physiological

artifacts but residual electrical artifacts (as those produced

by the TMS pulse) are not expected to be completely

eliminated by mean subtraction, since the magnitude of

the TMS-induced artifact is not homogeneously distributed

on the scalp. Therefore, also the use of least mean square

(LMS) algorithms to remove fMRI-induced artifacts from

EEG signals [1], [13], would not be suitable to completely

suppress TMS-induced artifacts from all electrodes.

In this paper we propose an original off-line Kalman

filter approach to remove TMS-induced artifacts from EEG

recordings. We identify two dynamic models describing EEG

and TMS signals generation and we apply the Kalman filter

to the linear system arising from their combination. Time-

varying covariance matrices suitably tuned on the physical

parameters of the problem, allow us to model the non-

stationary components of the EEG/TMS signal. Experimental

results prove that the Kalman filter is more effective than

stationary filters (Wiener filter) for the problem under inves-

tigation and it guarantees an efficient deletion of the electrical

artifacts while preserving the integrity of the EEG signal

around TMS impulses.

The rest of the paper is organized as follows. In Sect. II

we describe the experimental equipment for TMS generation

and EEG recording, the database, the subjects and the pre-

processing phase. In Sect. III the models describing EEG and

TMS signals generation are identified and validated, and the

Kalman filter is designed. In Sect. IV, experimental results

prove the effectiveness of the proposed approach. In Sect. V

the main contributions of the paper are summarized and

future research directions are highlighted.

II. PRELIMINARIES

A. TMS generation

Single-pulse TMS was generated using Magstimr

Super Rapid biphasic stimulator and delivered through

commercially available eight-shaped or circular coils

(frequencies: 0.1 Hz and 10 Hz). The specifications of the

system are: maximum discharge voltage 2 kV, maximum

discharge current 7 kA, maximum magnetic field 2 T,

rising time of the magnetic field 60 µs, length of the

impulse 250 µs.

B. EEG recording

EEG recording was carried out with Micromedr equip-

ment. To assure a good temporal precision we set the

sampling frequency to 1024 Hz. The amplifier is optically

connected to a PC with software Brain-Quick System Plus

and to a shielded cap containing the electrodes. The cap

records 32 channels: 30 channels are dedicated to the

electrodes disposed according to the international “10-20

EEG System”, while the last two channels are used for

the electromyography of hand muscles. Before starting the

EEG/TMS recording, the TMS threshold of each subject

was determined according to standardized criteria [16].

The intensity of TMS pulses was set to 90%, 110% and

TMS
100 ms

Fig. 2. A sample data set (1500 samples).

120% of the individual motor threshold. The scalp region

stimulated by TMS corresponded to the position of C3

electrode.

C. Structure of the database and subjects

The available database consists of 7 records. A single

record corresponds approximately to a 22 seconds acquisition

on the 32 channels. Each record is divided into 15 data

sets of 1500 samples. Each data set contains a single TMS

impulse or stimulus having regular time spacing (see Fig. 2).

The database was acquired at Department of Neuroscience,

Section of Neurology, University of Siena. Experiments were

carried out on 10 healthy volunteers (7 males) aged 22
/

43

years (average 28.5 years). All subjects gave their written

informed consent for the study which was approved by the

local ethical committee. The experiment was well tolerated

by all subjects, none of whom reported side effects due

to TMS.

D. Preprocessing

In spite of the electric shielding of EEG electrodes, power

lines induce sinusoidal oscillations on EEG signals due to

the 50 Hz carrier. In order to avoid distorted results, these

oscillations have to be removed in a preprocessing phase

preceding the application of the Kalman filter, using for

example a discrete Fourier series. Note that since scarce

EEG activity is present at 50 Hz, the carrier can be removed

without significant loss of information.

Hereafter s(t) will denote the signal including the EEG

signal and the TMS-induced artifact, with the 50 Hz carrier

suppressed.

III. KALMAN FILTER DESIGN

We start this section with a detailed description of signal s(t).
s(t) consists of an electroencephalographic signal eeg(t),
representing the natural electric activity of the brain, and

of a high amplitude signal tms(t), representing the artifact

induced by the magnetic stimulation. Obviously tms(t) is

present only in correspondence of a stimulus. The signals

relative to the ith data set of a record are denoted si(t),
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eegi(t) and tmsi(t), i = 1, 2, . . . , 15. eegi(t), for epochs up

to 2 seconds, can be considered as a stationary zero mean

signal. On the other hand tmsi(t), for its impulsive nature,

is indeed non-stationary.

A pure TMS-induced artifact can be achieved by

stimulating the head of a manikin. Analyzing the spectrum

of this artifact (see Fig. 3), we observe that although several

components are present at low frequencies (around 10 Hz),

most of signal energy is concentrated at high frequencies

(300 Hz). Therefore, since EEG signals usually range from

1 Hz to 70 Hz, trivial low-pass or high-pass filters can not

be exploited since significant components of the EEG signal

would be cut off. Suppose that

1) si(t) = eegi(t) + tmsi(t)

2) eegi(t) and tmsi(t), ∀ t, are uncorrelated.

According to the first hypothesis, for each record we have,

1

15

15∑

i=1

si

(
t + (i − 1) T

)
=

=
1

15

( 15∑

i=1

eegi

(
t + (i − 1) T

)
+

15∑

i=1

tmsi

(
t + (i − 1) T

))

(1)

where T = 1500 samples. Since eegi(t) is supposed to be a

zero mean signal,

1

15

15∑

i=1

eegi

(
t + (i − 1) T

)
≃ 0

and equ. (1) approximately equals tms(t), the mean arti-

fact. If the artifact was purely deterministic tmsi(t) =
tms(t), ∀ i, and the artifact could be removed by the simple

subtraction,

êegi(t) = si(t) − tms(t) (2)

where êegi(t) is the EEG signal without the artifact.

Nevertheless, the TMS-induced artifacts are not purely

deterministic but they also include stochastic components.

Therefore (2) is not sufficient to remove the magnetic artifact

from si(t) and other strategies need to be investigated.

  
 

    
 

         
      

             

101 102 103
101

102

103

frequency [Hz]

Fig. 3. Spectrum of a pure TMS-induced artifact recorded on a manikin.

The Kalman filter represents an effective solution to this

problem. To design this filter a state-space model completely

describing the signals generation mechanism is necessary.

Therefore two dynamic systems modelling EEG and TMS

signals need to be identified and validated.

For the sake of simplicity, hereafter, the subscript “i” will

be dropped.

A. EEG model identification

For the electroencephalographic signal, AR models have

been considered [6]. AR models of different order have been

estimated (2000 samples not affected by magnetic artifacts

on a single channel were used for the identification) and

compared according to the Fit (% of the signal correctly

reproduced by the model with respect to signal variance)

and residuals autocorrelation. The following AR3 proved to

be the best model,

eeg(t) =
1

1−1.354 z−1 + 0.6846 z−2 − 0.3036 z−3
eE(t)

(3)

where eE(t) is a white noise. To test the generality of (3)

we carried out a validation step using data from different

channels and other stimuli: in each case we found similar

results. Therefore we concluded that model (3) has general

validity and it can be utilized for each channel.

B. TMS model identification

Now let us turn our attention to the TMS model. First,

we need to model the deterministic part tms(t). Due to the

impulsive nature of TMS artifacts, OE models with impulsive

inputs have been identified,

tms(t) =
B(z)

F (z)
u(t − 1) + v(t) (4)

where u(t) is a unitary impulse that assumes the value 1

in correspondence of a stimulus and v(t) represents the

stochastic part of the OE model.

OE models have been identified using 5 samples before

and 35 samples after the stimulus on a single channel.

The validation procedure were conducted on 15 stimuli.

The OE33 proved to be the best choice for TMS according

to the Fit and model’s complexity.

When validating the model using signals from other chan-

nels, we observed that differently from the EEG, TMS model

has only local validity. However, repeating the identification

procedure in the other channels, the OE33 still revealed the

most suited model.

C. Extended linear state-space system

In this section, we utilize the AR3 and OE33 models

to build a linear state-space system describing the overall

EEG/TMS signal. From (3) we obtain the state-space system

for EEG,
{

xE(t + 1) = AE xE(t) + GE eE(t)

eeg(t) = CE xE(t)
(5)
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where

AE =




1.354 −0.6846 0.3036
1 0 0
0 1 0


 ,

GE = [1 0 0]T

CE = [0 0 1]

and eE(t) ∼ WN(0, σ2
E), where WN(·) denotes a white

noise. The variance σ2
E has been estimated during the iden-

tification of the AR3 model.

From (4), according to the OE33, we derive the state-space

system for TMS,
{

xT (t + 1) = AT xT (t) + BT u(t)

tms(t) = CT xT (t) + v(t)
(6)

where AT ∈ R
3×3, BT ∈ R

3×1, CT ∈ R
1×3 are a

realization of the OE33 transfer function. The variance σ2
v

of v(t) has been estimated during the identification of the

OE33 model.

Collecting systems (5) and (6) together, we obtain the

extended dynamic system,
{

x(t + 1) = Ax(t) + Bu(t) + G eE(t)

eeg(t) + tms(t) = Cx(t) + v(t)
(7)

where

A =

[
AE 03×3

03×3 AT

]
, B =

[
03×1

BT

]
, G =

[
GE

03×1

]

C = [CE CT ] , x(t) = [xT
E(t) xT

T (t) ]T

and 03×3 is a 3 × 3 matrix of zeros.

Note that (7) only models the stationary part of signal s(t).
To take into account also the non-stationary components of

s(t) we carried out the following changes in model (7).

First of all we introduced a stochastic component into

the TMS model as an additive process disturbance eT (t)
in the dynamic equation of (6). eT (t) is a non-stationary

white noise whose variance will be higher during a stimulus.

System (7) becomes,




x(t + 1) = Ax(t) + Bu(t) +

[
GE 03×3

03×1 I3×3

]

︸ ︷︷ ︸
GM

e(t)

eeg(t) + tms(t) = Cx(t) + v(t)
(8)

where e(t) =
[
eE(t) eT (t)T

]T
and

var{eT (t)} =

{
λT I3×3 if ts ≤ t ≤ ts + d

03×3 otherwise

where ts is the instant in which the stimulus is generated and

I3×3 the 3×3 identity matrix. d is the number of samples of

the first peak of TMS and λT ∈ R
+ is a tuning parameter

of the Kalman filter. To summarize, the complete covariance

matrix Q(t) = var{e(t)} is given by

Q(t) =

{
diag{σ2

E , λT I3×3} if ts ≤ t ≤ ts + d

diag{σ2
E ,0 3×3} otherwise.

Secondly, we replaced v(t) by the noise η(t), whose

variance changes in time. Let dtot be the length (expressed

in number of samples) of TMS effect on the EEG trace. The

variance of η(t) can be selected as

R(t) = var{η(t)} =

{
g(t) if ts ≤ t ≤ ts + dtot

0 otherwise

where

g(t) =

{
σ2

v if ts ≤ t ≤ ts+ d

σ2
v e−M(t− ts − d) if ts+ d ≤ t ≤ ts+ dtot.

Note that by departing from the stimulus, the stochastic com-

ponent of the TMS model should decrease. The exponential

decay of g(t) for ts+ d ≤ t ≤ ts+ dtot models this event.

Parameter M ∈ R
+ modulates the decrease rate of the

exponential.

D. Kalman filter equations

Consider system (8) and suppose that the measurement

noise is η(t). To design the Kalman filter we supposed that

the initial state x(0) = x0 and e(t), η(t) are uncorrelated.

Since no information about the initial values is available, the

filter has been initialized with,

x̂(0| − 1) =
[
xT

E0
xT

T0

]T
= 06×1

P(0| − 1) =

[
PE0

03×3

03×3 PT0

]
=

[
I3×3 03×3

03×3 10−6 I3×3

]
.

In the previous notation, the Kalman filter prediction and

correction steps are [7]:

Prediction

x̂(t + 1 | t) = Ax̂(t | t) + Bu(t)

P(t + 1 | t) = AP(t | t)AT + GM Q(t + 1)GT
M

Correction

x̂(t + 1 | t + 1) = x̂(t + 1 | t) + K(t + 1) ξ(t + 1)

P(t + 1 | t + 1) = P(t + 1 | t) − K(t + 1)CP(t + 1 | t)

where

ξ(t + 1) = s(t + 1) − C x̂(t + 1 | t)
K(t + 1) = P(t + 1 | t)CT

[
CP(t + 1 | t)CT + R(t + 1)

]−1
.

We are interested to the following estimate,

êeg(t) = CE x̂E (t | t), for all t = 1, 2, . . . , T.

IV. EXPERIMENTAL RESULTS

To test the effectiveness of our approach, the EEG/TMS

signals in our database were processed using the Kalman

filter. We also considered a Wiener filter that we utilized as

a benchmark.

Fig. 4(a) shows the EEG/TMS signals in a reference data set

before the filtering. Fig. 4(b) shows the same signals after

the application of a Wiener filter of order 15. In spite of
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TMS
100 ms

(a)

TMS
100 ms

(b)

TMS
100 ms

(c)

Fig. 4. (a) The signals on the 32 channels before the filtering. The signals
after the application of (b) a Wiener filter of order 15, (c) the Kalman filter.
In correspondence of the black vertical line a TMS impulse is generated.

an amplitude reduction, the artifacts have not been removed.

Similar results were obtained with filters of different order.

A basic condition for the application of the Wiener filter is

that tms(t) can be modelled as a stationary signal. But since

tms(t) is indeed non-stationary, a satisfactory deletion of

TMS-induced artifacts can not be expected.

Fig. 4(c) shows the EEG/TMS signals after the application of

the Kalman filter. From the analysis of the data we found that

d = 4 and dtot = 30 samples. After an experimental tuning

we set λT = 0.1 and M = 0.3. The Kalman filter completely

removed the magnetic artifacts from the EEG recording

while preserving the integrity of EEG signals around TMS

impulses. To validate the proposed approach some tests were

conducted.

A. Whiteness of the residuals

From the Kalman filter theory [7], it is well-known that if

the dynamic model (i.e. matrices A, B, C, GM , Q, R) is

correct, then the residuals ξ(t) is expected to be a white

noise. The assumption that ξ(t) is a white noise is not

invalidated if R̂N
ξ (τ)/R̂N

ξ (0), for τ 6= 0, keeps inside the

confidence region ± κ/
√

N , where

R̂N
ξ (τ) =

1

N

N∑

t=1

ξ(t) ξ(t − τ) , for τ = 0, 1, . . . , M.

N is the number of samples considered to estimate the

sample autocorrelation R̂N
ξ (τ) and M ranges from 20 to 40.

From the analysis of the data (see Fig. 5(a)), we observed

that R̂N
ξ (τ)/R̂N

ξ (0) (apart from τ = 1) is always inside the

99% confidence region (κ = 2.58).

B. Independence between ξ(t) and êeg(t)

Another validation test concerns the uncorrelation of

ξ(t) and êeg(t). ξ(t) and êeg(t) can be deemed to be

uncorrelated, if

∣∣R̂N
ξ, êeg (τ)

∣∣ ≤ κ

√
S

N

where

R̂N
ξ, êeg (τ) =

1

N

N∑

t=1

ξ(t) êeg(t − τ), τ = 0, 1, . . . , M

S =
M∑

τ=−M

R̂N
ξ (τ) R̂N

êeg (τ)

R̂N
êeg (τ) =

1

N

N∑

t=1

êeg(t) êeg(t − τ), τ = 0, 1, . . . , M.

From the analysis of the data we observed that R̂N
ξ, êeg

(τ)
keeps always inside the 99% confidence region, thus showing

that there is no evidence in the data that ξ(t) and êeg(t) are

correlated (see Fig. 5(b)).

C. Spectral analysis

The spectra of eeg(t) and êeg(t) are similar for each

channel (see Fig. 5(c)). This means that êeg(t) has the

characteristics of an electroencephalographic signal.

V. CONCLUSIONS AND FUTURE WORKS

Current results show that an effective procedure to off-line

remove TMS-induced artifacts from EEG recordings (after a

preprocessing phase necessary to remove the 50 Hz carrier)

is the following. First, identify two models describing EEG

and TMS signals generation and collect them in an extended
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Fig. 5. Validation of the Kalman filter. (a) R̂N
ξ

(τ)/R̂N
ξ

(0) and the 99% confidence region (N = 1500, M = 35); (b) R̂N
ξ, êeg

(τ) and the 99% confidence

region (N = 1500, M = 35); (c) Spectrum of êeg(t) (solid) and eeg(t) (dash). êeg(t) has been computed using 80 samples (including the artifacts) on
a single channel.

state-space system. We identified an AR3 model for EEG

and an OE33 model for TMS. The former is general and can

be utilized for each channel, while the latter has only local

validity. The second step consists in applying the Kalman

filter to the extended system, after a suitable tuning of the

time-varying covariance matrices.

Although the results are promising, still investigations are

needed to validate the reliability of the estimated EEG signal.

In particular, the first objective should be to reduce the

signal-to-noise ratio of EEG signals affected by TMS-

induced artifacts. In this respect, future research requires

an in-depth analysis of the effect of TMS on EEG signals

in order to improve the performance of the Kalman filter.

This goal, for example, can be achieved by a more accurate

modelling of the statistical properties of TMS thus yielding

a more sophisticated and effective representation of the non-

stationary behavior of TMS signal. Acting on the covariance

matrix Q(t), further connections between TMS and EEG

signals could be taken into account as well. Finally nonlinear

non-stationary filters, necessary in case nonlinear models

accounting for EEG and TMS joint dynamics are considered,

could be investigated in future works.
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