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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 signals 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

allows to model the nonstationary components of the EEG–TMS signal. This 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 is more effective than stationary filters (Wiener filter) for the problem under investigation.

Keywords: Electroencephalography; Transcranial magnetic stimulation; EEG–TMS combination; TMS-induced artifact;

Kalman filter

1 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 (Hallett, 2000; Kobayashi and

Pascual-Leone, 2003). Besides the investigation of corticospinal motor pathways after stimulation of the motor cortex

(Kobayashi and Pascual-Leone, 2003; Rossini and Rossi 2006), TMS of non-motor areas offered the unique oppor-

tunity to study several cognitive functions in a causal manner (Walsh and Cowey, 2000; Rossi and Rossini, 2004),

⋆ Corresponding author: Domenico Prattichizzo

Email address: prattichizzo@ing.unisi.it (D. Prattichizzo).

Preprint submitted to Journal of Neuroscience Methods 8 December 2006



since it is the only functional technique that allows to transiently interfere in vivo with the stimulated brain regions.

Recently TMS has been combined with other functional imaging techniques (Sack and Linden, 2003). This approach

represents an important advance in cognitive neuroscience, since it permits the investigation of the local response to

TMS at a neurophysiological level, thus enabling the determination of the cerebral areas directly or trans-synaptically

affected by the magnetic stimulation.

TMS can be applied in combination with the following functional imaging techniques: PET (Positron Emission

Tomography) (Paus et al., 1997), SPECT (Single Photon Emission Computed Tomography) (Okabe et al., 2002),

fMRI (functional Magnetic Resonance Imaging) (Baudewig et al., 2001), EEG (Electroencephalography) (Thut et al.,

2005) and with a different timing with respect to the functional scanning, thus providing different but complemen-

tary information about cortical activity. While the 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 (Nikulin et al., 2003).

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 patho-

physiological relevance and can help to causally elucidate neural substrates sustaining higher cognitive functions.

Combined EEG–TMS may fill this gap, since it provides, together with high temporal resolution, unique information

about the characteristics of cortical reactivity and connectivity (Ilmoniemi et al., 1997).

A technical deficiency of EEG–TMS coregistrations is that the TMS coil generates powerful rapidly changing

magnetic fields that induce impulsive, high amplitude, long-lasting artifacts on the EEG trace (by artifact we

mean any potential variation in the EEG signal not generated by the brain).

To solve this problem several on-line and off-line strategies (Ilmoniemi et al., 1997; Thut et al., 2005; Fuggetta

et al., 2006) have been proposed in the literature so far. In the former the artifacts are removed during the EEG–TMS

coregistration using complex electrical circuits, while in the latter the filtering process starts only after the com-

plete acquisition of the EEG–TMS trace. However neither the on-line strategies (the EEG signal is irreparably cut

during the TMS stimulus), nor the off-line approaches (present algorithms do not guarantee a complete artifacts

suppression) provided satisfactory results up to now.

In the current work we propose an original, low cost, off-line Kalman filter approach to remove TMS-induced arti-

facts from EEG recordings. It is well-known that EEG–TMS research can run up against several types of artifacts as

auditory (due to the “coil click”), somatosensory (due to activation of trigeminal afferents) and muscular (especially

occurring when TMS spread to facial nerve-supplied muscles). However, this study is particularly concerned with

the suppression of the TMS artifact due to the induction of currents on the EEG electrodes.

After a preprocessing phase, two dynamic models describing EEG and TMS signals generation are identified from

data and the Kalman filter is applied to the linear system arising from their combination. Suitable time-varying

covariance matrices allow us to model the nonstationary components of the EEG–TMS signal. Experiments proved

that the Kalman filter is more effective than stationary filters (Wiener filter) and it guarantees an efficient deletion

of the electrical artifacts while preserving the integrity of the EEG signal around TMS impulses.
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2 Materials and Methods

2.1 Subjects

Experiments were carried out on 10 healthy volunteers (7 male) 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.

2.2 TMS generation

Single-pulse TMS was generated using Magstimr Super Rapid biphasic stimulator and delivered through commer-

cially available eight-shaped or circular coils (frequencies applied: 0.1 Hz and 10 Hz). The circular coil induces a more

widely distributed electric field than the eight-shaped coil thus affecting larger regions of the cerebral cortex. The

impulses generated by the equipment have the following characteristics: 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. Before starting the stimulation, individual threshold of TMS was determined for each subject according to

standardized criteria (Rossini et al., 1994). The intensity of TMS pulses was set to 90%, 110% and 120% of the

individual motor threshold.

2.3 EEG recording

EEG recording was carried out with Micromedr EEG equipment. The amplifier and the electrodes of the system are

designed to work inside magnetic resonance scanners and therefore they also guarantee a correct acquisition of EEG

signals in presence of high exogenous magnetic fields due to TMS. To assure a good temporal precision, a sampling

frequency fs = 1024 Hz has been chosen. The amplifier is optically connected to a PC with software Brain-Quick

System Plusr 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 (EMG) of hand muscles. The scalp region stimulated by TMS corresponded to the position of

C3 electrode.

2.4 Database structure

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. 1). The database was acquired at Department of

Neuroscience, Section of Neurology, University of Siena.
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TMS
100 ms

Fig. 1. A sample data set (1500 samples).

2.5 Preliminaries

In spite of the electric shielding of EEG electrodes, power lines induce sinusoidal oscillations on EEG signals due to

the 50 Hz carrier. These oscillations have been removed in a preprocessing phase preceding the application of the

filtering procedures. Note that since scarce EEG activity is present at 50 Hz, the carrier can be removed without

significant loss of information. Hereafter the following notation will be used:

• sc(t) denotes the signal including the TMS-induced artifact, the EEG signal and the 50 Hz carrier.

• s(t) denotes the signal including the TMS-induced artifact and the EEG signal, with the 50 Hz carrier suppressed.

Signal sc(t) can be written as a discrete Fourier series (Proakis and Manolakis, 1996),

sc(t) = a0 +

L∑

j=1

Aj cos

(
2πj t

fs

+ θj

)

where

a0 =
2

N

N−1∑

t=0

sc(t) , L =





N

2
if N is even

N − 1

2
if N is odd

fs = 1024 Hz is the sampling frequency and N is the number of samples not affected by the TMS used to compute
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Fig. 2. Spectrum of a pure TMS-induced artifact recorded on a manikin.

the coefficients of the series. For j = 1, . . . , L,

Aj =
√

a2
j + b2

j , aj =
2

N

N−1∑

t=0

sc(t) cos

(
2πj t

fs

)
,

θj = arctan

(
bj

aj

)
, bj =

2

N

N−1∑

t=0

sc(t) sin

(
2πj t

fs

)
.

Signal s(t) is given by,

s(t) = sc(t) − A50 cos

(
2π fr t

fs

+ θ50

)
,

where A50 and θ50 are the coefficients relative to the 50 Hz cosine to be removed and fr = 50 Hz. A50 and θ50 have

been computed using 500 samples before and after the TMS impulse (N = 1000).

A detailed analysis of the structure of signal s(t) is in order at this point.

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),

eegi(t) and tmsi(t), i = 1, 2, . . . , 15. eegi(t), for epochs up to 2 seconds, is considered as a stationary zero mean

signal. On the contrary tmsi(t), for its impulsive nature, is indeed nonstationary.

By stimulating the head of a manikin a pure TMS-induced artifact can be achieved. Analyzing the spectrum of

the pure artifact (see Fig. 2), 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: in fact significant components of

the EEG signal would be cut off.
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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 equation (1) approximately equals tms(t), the mean artifact. 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. Unfortunately the TMS-induced artifacts are not purely

deterministic but they have also stochastic components. Therefore, equation (2) is not sufficient to remove the

magnetic artifact from si(t) and other strategies need to be investigated. For the sake of simplicity, hereafter, the

subscript “i” will be dropped.

In (Allen et al., 2000; Pellizzato, 2003) Least Mean Square (LMS) algorithms have been used to remove fMRI-artifacts

from EEG signals. In spite of the evident differences between fMRI and TMS-induced artifacts, a scheme based on

a stationary filter, the Wiener filter FIR (Finite Impulse Response), (Haykin, 2002), is now briefly presented for the

problem under investigation (see Fig. 3). The Wiener filter will be used in Section 3 as a benchmark to test the

+

_

+

+

eeg(t) s(t) êeg(t)

tms(t)

t̂ms(t)

W (z)
tms(t)

Wiener filter

Fig. 3. Removing the TMS-induced artifacts using the Wiener filter.
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effectiveness of the Kalman filter approach. In addition to the foregoing hypotheses, we here suppose that eeg(t) and

tms(t) are jointly stationary. The Wiener filter minimizes the mean square estimation error E
[(

eeg(t) − êeg(t)
)2]

,

where êeg(t) = s(t) − t̂ms(t),

t̂ms(t) =

r∑

j=0

wj tms(t − j)

r is the order of the filter and wj are the parameters of the Wiener filter W (z). These parameters can be computed

in a closed form as follows,




w0

w1

...

wr




=




Rtms (0) Rtms (1) . . . Rtms (r)

Rtms (−1) Rtms (0) . . . Rtms (r − 1)

...
...

. . .
...

Rtms (−r) Rtms (−r + 1) . . . Rtms (0)




−1 


Rtms,s (0)

Rtms,s (1)

...

Rtms,s (r)




where the covariances Rtms and cross-covariances Rtms,s have been estimated from data.

2.6 Kalman filter design

The Kalman filter (Kamen and Su, 1999; Bar-Shalom et al., 2001) is a recursive LMMSE (Linear Minimum Mean

Square Error) estimator. Differently from the Wiener filter, the Kalman filter works properly also with nonstationary

signals. Moreover, while the knowledge of signal and noise statistics suffices to design the Wiener filter, the Kalman

filter needs a state model completely describing the signals generation mechanism. Therefore, dynamic models

describing EEG and TMS signals generation have to be identified and validated.

2.6.1 EEG model identification

At the beginning of Section 2.5 we hypothesized that EEG is a stationary zero mean signal. Therefore an AR

(AutoRegressive) model for the EEG can be used (Jansen, 1985). This means that the EEG signal is supposed to

be generated by a white noise e(t) suitably filtered (see Fig. 4). The AR model has been estimated on a single

channel using 2000 samples not affected by magnetic artifacts. AR models of different order (the order of an AR

e(t) 1

A(z)

eeg(t)

Fig. 4. AR model for the EEG.
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model is the order of polynomial A(z)) have been compared using Matlabr Identification Toolbox, according to

two criteria: Fit (% of the signal correctly reproduced by the model, usually with respect to signal variance) and

residuals autocorrelation. The residuals are given by ε(t) = eeg(t) − êeg(t) where êeg(t) is the estimate of eeg(t)

generated by the AR model. An estimate of the autocorrelation is,

R̂N
ε (τ) =

1

N

N∑

t=1

ε(t) ε(t − τ), for τ = 0, 1, . . . , M, (3)

where N is the number of samples considered to estimate R̂N
ε (τ) and M usually ranges from 20 to 40. The

assumption that ε(t) is a white noise is not invalidated if R̂N
ε (τ)/R̂N

ε (0), for τ 6= 0, keeps inside the 99% confi-

dence region ± 2.58
√

N .

Table 1 reports the Fit of AR models of order 2, 3, 4, 7 and 9. Note that as the model order increases the Fit keeps

Table 1

Fit (%) of the AR models

AR2 AR3 AR4 AR7 AR9

41.69 44.62 44.40 46.58 47.92

almost unchanged. Furthermore, we observed that R̂N
ε (τ)/R̂N

ε (0) for each model, maintains inside the 99% region

for most of the time. Since there are no significant differences between the models, for the sake of simplicity we chose

a model with few parameters, the AR3,

eeg(t) =
1

A(z)
e(t) ,

A(z) = 1 − 1.354 z−1 + 0.6846 z−2 − 0.3036 z−3.

(4)

To test the generality of (4), we validated it using data from different channels and other stimuli: in each case we

found results as above. Therefore we can conclude that model (4) has general validity and it can be utilized for each

channel.

2.6.2 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 the TMS artifacts, OE (Output Error) models with impulsive inputs have been identified

(Ljung, 1999). The structure of an OE model (see Fig. 5) is,

tms(t) =
B(z)

F (z)
u(t − 1) + v(t), (5)

where u(t) is a unitary impulse in correspondence of a stimulus, B(z) and F (z) are two assigned polynomials and

v(t) represents the stochastic part of the OE model. OE models have been identified using 5 samples before and 35
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+

+

u(t − 1)

tms(t)

v(t)

B(z)

F (z)

Fig. 5. OE model for the TMS.

samples after the stimulus on a single channel. Four models have been considered: OE22, OE33, OE34 and OE55

(the numbers on the right, refer to the degree of polynomials B(z) and F (z), respectively). The validation procedure

was conducted on 15 stimuli. Table 2 shows the Fit of the four models validated on the stimuli. Models OE33 and

OE55 present the highest mean Fit. Comparing the measured outputs and the outputs generated by OE33 and

OE55 models, we observed that the outputs of OE55 were closer to the measured ones. However, since two zeros of

B(z)/F (z) in OE55 are almost superimposed to two poles (see Fig. 6), two cancellations are highly probable and

thus OE55 naturally reduces to OE33. Therefore, due to the reduced number of parameters, OE33 will be used for

the TMS.

Validating the model using signals from other channels, we observed that differently from the EEG, TMS model is

local (in fact the TMS-induced artifact is higher in the electrodes close to the stimulation site). However, repeating

the identification procedure in the other channels, OE33 still revealed the most suited model.

Table 2

Fit (%) of the OE models.

stimulus OE22 OE33 OE34 OE55

1 37.5 35.2 60.5 53.6

2 22.2 26.1 75.3 39.1

3 42.0 50.1 70.9 60.1

4 51.1 58.1 62.0 69.6

5 52.1 54.1 56.2 68.6

6 60.7 61.2 48.6 73.8

7 52.8 61.0 24.8 68.7

8 60.3 67.2 25.0 72.7

9 54.6 58.6 18.0 64.8

10 37.8 41.2 7.9 51.1

11 37.7 39.6 5.6 48.9

12 57.7 48.7 10.3 52.6

13 13.8 23.3 60.9 27.7

14 32.9 47.7 57.7 50.8

15 40.9 57.8 43.2 62.1

Mean 43.61 48.66 41.79 57.61
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Fig. 6. Poles and zeros of B(z)/F (z) in the OE55 model.

2.6.3 Extended linear state-space model

We utilized the AR3 and OE33 models to build a linear state-space system describing the overall EEG–TMS signal.

From (4) we obtain the state-space model for EEG,





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

eeg(t) = CE xE(t)

(6)

where

AE =




1.354 −0.6846 0.3036

1 0 0

0 1 0




,

GE =
[
1 0 0

]T

,

CE =
[
0 0 1

]T

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

E has been estimated during the

identification of the AR3 model.

From equation (5), according to the OE33 model, we derive the state-space model for TMS,





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

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

(7)

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 system (6) and (7) together, we obtain

10
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the extended dynamic system,




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

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

(8)

where

A =




AE 03×3

03×3 AT


 , B =




03×1

BT


 , G =




GE

03×1


 ,

C =
[
CE CT

]
, x(t) =

[
xE(t) xT (t)

]T

.

and 03×3 is a 3 × 3 matrix of zeros.

Note that (8) only models the stationary part of signal s(t). To take into account also the nonstationary components

of s(t), we carried out the following changes in model (8).

First of all we introduced a stochastic component into the TMS model as an additive process disturbance eT (t) in

the dynamic equation of (7). eT (t) is a nonstationary white noise whose variance will be higher during a stimulus.

System (8) becomes,




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




GE 03×3

03×1 GT




︸ ︷︷ ︸
GM

e(t)

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

(9)

where

GT = I3× 3, e(t) =




eE(t)

eT (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 is the 3×3 identity matrix. The number of samples

of the first peak of the TMS impulse is approximately d = 4. Finally λT ∈ R
+ is a tuning parameter of the filter.
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The complete covariance matrix Q(t) = var{e(t)} is given by,

Q(t) =





diag(σ2
E , λT , λT , λT ) if ts ≤ t ≤ ts + d

diag(σ2
E , 0, 0, 0) otherwise.

Secondly, we replaced v(t) by the noise η(t) whose variance changes in time. From the analysis of the data we

observed that the effect of TMS is about dtot = 30 samples long (approximately 30 ms). Therefore the variance of

η(t) has been chosen 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 component of the TMS model should decrease. The expo-

nential decay of g(t) for ts+ d ≤ t ≤ ts+ dtot models this event. Parameter M ∈ R
+ modulates the decrease rate of

the exponential.

2.6.4 Kalman filter equations

The Kalman filter provides the LMMSE estimate x̂ of the state of a linear system at time t, based on the knowledge of

the deterministic input u(t) and the set of outputs {s(t), s(t − 1), . . . , s(0)}. Consider system (9) with measurement

noise η(t). For the application of the 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 in our case, we initialized the filter as

x̂(0| − 1) =
[
xE0

xT0

]T

= 01×6

P(0| − 1) =




PE0
03×3

03×3 PT0


 =




I3×3 03×3

03×3 10−6 I3×3


 .

The Kalman filter consists of a prediction and a correction step:
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Fig. 7. Wiener filter. (a) Signal s(t); (b) signal êeg(t).

Prediction Step:

x̂(t + 1 | t) = Ax̂(t | t) + Bu(t)

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

Correction Step:

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

are the output prediction error (residuals) and the Kalman gain. We are interested to the following estimate,

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

3 Results

Differently from fMRI–TMS coregistrations, some of hypotheses necessary for the application of the Wiener filter

in the case of EEG–TMS signals are too restrictive (e.g. eeg(t) and tms(t) jointly stationary). The experiments

confirmed this deficiency. Figs. 7(a) and 7(b) show s(t) and signal êeg(t) generated by a Wiener filter of order
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Fig. 8. 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.

r = 15, respectively. In spite of an amplitude reduction, the artifact has not been removed. Similar results have been

obtained with filters of different order. We also observed that the spectra of eeg(t) and êeg(t) are rather different.

Fig. 9(a) shows the EEG–TMS trace (1500 samples) on the 32 channels before the filtering. Fig. 9(b) shows the

signals on all the channels after the application of the Wiener filter. It is evident that a complete artifacts suppression

is not guaranteed by this stationary filtering.

Fig. 9(c) shows the signals after the application of the Kalman filter with parameters M = 0.3 and λT = 0.1.

In this case the TMS-induced artifacts have been completely removed from the EEG recording while preserving the

integrity of EEG signals around TMS impulse. For a further validation of the Kalman filter approach three tests

have been conducted.

3.1 Whiteness test

From the Kalman filter theory (Kamen and Su, 1999), we know 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 99% confidence region ± 2.58/
√

N , where R̂N
ξ (τ)

is computed as in (3). From the analysis of the data, we observed that R̂N
ξ (τ)/R̂N

ξ (0) (apart from τ = 1) is always

inside the 99% confidence region (see Fig. 8(a)).

3.2 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 uncorre-

lated, if, ∣∣∣R̂N

ξ, êeg
(τ)

∣∣∣ ≤ 2.58

√
S

N
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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. 8(b)).

3.3 Spectral analysis

The spectrum of eeg(t) and êeg(t) proved to be similar for each channel (see Fig. 8(c)). This means that êeg(t) has

the characteristics of an electroencephalographic signal.

4 Discussion

Despite its potential utility to disclose cerebral reactivity and connectivity with high temporal resolution, EEG–TMS

coregistration is not an easy procedure: its main technical drawback is that the TMS impulse induces high amplitude

and long-lasting artifacts on the EEG signal. The term artifact identifies any variation of potential in the EEG signal,

not generated by the brain, that modifies, twists or deletes the normal cerebral electric activity. The electroencephalo-

graphic artifacts can be of physiological nature (generated by blinking or eye movement, by cardiovascular, muscular,

electrodermic activity, by patient’s motion, etc.) or can be produced by instruments, environmental and recording

conditions (bad and not uniform skin-electrode contact, electrode-terminal contacts, external electric interferences).

The TMS-induced artifacts belong to the second class since they are induced on the EEG electrodes by the high

currents (some kA) circulating in the TMS coil. The magnetic field generated by TMS usually saturates the EEG

electrodes for 20-30 ms. Even with special amplifiers designed to work within MRI settings (whose peak-to-peak

output range is greater than the amplitude of the magnetic impulse), the electrodes can not correctly record the

cerebral activity during TMS. Moreover, differently from the artifact induced on the EEG during fMRI measure-

ments, the TMS-induced artifact is not homogeneously distributed on the electrodes, being larger close to the site

of stimulation and progressively smaller at a distance from it.

In order to suppress TMS-induced artifacts 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 (Ilmoniemi et al., 1997).

The amplifiers return to their normal operation after the impulse. The second method turns off the amplifiers 10 ms

after the impulse. Besides the high costs due to the complex circuits, these methods cut off the EEG trace dur-

ing the TMS stimulation (Paus, 1999; Price, 2004). Therefore the information of the signal around the impulse is
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Fig. 9. The EEG–TMS trace, (a) before the filtering; (b) after the application of the Wiener filter of order 15; (c) after the

application of the Kalman filter. In correspondence of the black vertical line a TMS impulse is generated.
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irremediably lost. An alternative to on-line strategies is represented by off-line approaches, where 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 (Thut et al., 2005; Fuggetta et al., 2006) the authors propose to off-line remove TMS-

induced artifacts by simply subtracting the mean artifact. 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 (Allen et al., 2000; Pellizzato, 2003) would not be suitable to completely suppress TMS-induced artifacts

from all electrodes. This fact has been experimentally observed in Section 3 where the Wiener filter (that is analogous

to LMS algorithms) provided unsatisfactory results.

The off-line application of the Kalman filter is a new low-cost strategy that can overcome this problem. The Kalman

filter utilizes time-varying covariance matrices that allow the modelling of the nonstationary components of the

EEG–TMS signal (neglected by conventional stationary filtering). As shown in Section 2.5 it is theoretically more

suitable than the off-line approaches based on mean artifact subtraction.

The Kalman filter has been tailored to the specific application of TMS-induced artifact removal, by suitably tuning

the covariance matrices Q and R in order to cope with the impulsive characteristic of the TMS artifact. Therefore

other artifacts that can be encountered in the EEG–TMS research may not be suppressed by the proposed strategy.

However, future developments may address the tuning of the Kalman filter on other artifacts as well.

Current results show that an effective procedure to off-line remove TMS-induced artifacts from EEG recordings is,

after the preprocessing phase:

• Identify two models for EEG and TMS signals and collect them in an extended 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: the latter has only local validity.

• Apply the Kalman filter to the extended system.

The proposed procedure proves to be computationally efficient. To process the EEG–TMS trace shown in Fig. 9(a),

it takes about 32 seconds on a laptop with 3 GHz Pentium 4 processor and 512 MB RAM. At present the code is

written in Matlabr. However if the code was translated to a lower level programming language (C/C++/Fortran),

we would be allowed to expect a 30% computation time reduction. The Kalman filter is a well-established tool

in many application areas (engineering, economy, physics, etc.) and because of its recursive prediction-correction

structure it is relatively simple to implement.

Although the present 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
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accurate modelling of the statistical properties of TMS thus yielding a more sophisticated and effective representation

of the nonstationary behavior of the TMS signal. Acting on the matrix Q, further connections between TMS and EEG

signals could be taken into account as well. Finally, nonlinear models describing EEG and TMS signals generation

could be investigated and the performance of different filters (e.g. the extended Kalman filter or the unscented

Kalman filter (Julier et al., 2004)) could be compared in future research.

Acknowledgements

The authors would like to thank Luigi Bechi, graduate student at Department of Information Engineering, University

of Siena, who gave an important contribution for the realization of this project.

References

Allen PJ, Josephs O, Turner R. A method for removing imaging artifact from continuous EEG recorded during

functional MRI. Neuroimage 2000; 12: 230−9.

Bar-Shalom Y, Rong Li X, Kirubarajan T. Estimation with Applications to Tracking and Navigation. John Wiley

& Sons; 2001.

Baudewig J, Siebner HR, Bestmann S, Tergau F, Tings T, Paulus W, Frahm J. Functional MRI of cortical activa-

tions induced by transcranial magnetic stimulation (TMS). Neuroreport 2001; 12: 3543−8.

Fuggetta G, Pavone EF, Walsh V, Kiss M, Eimer M. Cortico-cortical interactions in spatial attention: A combined

ERP/TMS study. J Neurophysiol 2006; 95: 3277−80.

Hallett M. Transcranial magnetic stimulation and the human brain. Nature 2000; 406: 147−50.

Haykin S. Adaptive Filter Theory. Prentice Hall; 2002.

Ilmoniemi RJ, Virtanen J, Ruohonen J, Karhu J, Aronen HJ, Näätänen R, Katila T. Neuronal responses to magnetic
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