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Abstract—The strong capability of the combined EEG-fMRI 

for investigating and revealing new insights on mapping of the 
brain activity as well as on several other neuroscientific studies 
has attracted the interest of researchers and clinicians over the 
past years. However, its consolidation as a powerful and 
independent technique still depends on enhancing the quality of 
the EEG signal, mainly due to the occurrence of artefacts. This 
paper presents a simple and effective approach for removal of the 
gradient artefact, which is induced in the EEG by the rapidly 
varying gradient magnetic fields of the fMRI scanner. According 
to our method, a moving-average filter is used to perform the 
removal of the gradient artefact. Nevertheless, rather than 
estimation of an artefact waveform template to be subtracted and 
achieve the EEG restoration, we have proposed to optimize the 
moving-average filtering process along the entire EEG excerpt. 
Thereby, the restored EEG can be estimated either from a sum of 
partial waveform components resulting from the recursive 
application of the optimized moving-average filter; or from an 
estimative of the artefact along the entire excerpt. Our 
methodology shows to achieve a quite satisfactory restoration of 
the EEG signal, even for low signal amplitudes. Moreover, in 
addition to predict the variability of the artefact waveform over 
the time, synchronization between EEG and fMRI clocks and 
extensive data segmentation are not required as well. 

Keywords—Simultaneous EEG-fMRI; gradient artefact 

removal; optimized moving-average filtering; signal slope adaption; 

harmonic artefact filtering. 

I.  INTRODUCTION 

The advent of the functional magnetic resonance imaging 
(fMRI) around two decades ago [1] allowed the possibility to 
combine this technique with electroencephalography (EEG) in 
neuroscience research and other related studies. Rather than 
only an additional tool for monitoring the human brain activity, 
combined EEG-fMRI has revealed to be quite promising and 
powerful for mapping of the brain activity. Thus, it has been 
extended to other applications and drawn the attention of 
several researchers and clinicians in recent years [2].  

Nevertheless, consolidation and enlarging the range of 
applications of the combined EEG-fMRI still depend on 
enhancing the quality of the EEG signal acquired 
simultaneously with the fMRI data. During simultaneous 
acquisition of the EEG and fMRI, the EEG signal can be 
corrupted and distorted by three types of artefacts, which are 
induced by the magnetic fields of the fMRI equipment: (i) the 
artefact associated with the head subject movements within the 
scanner; (ii) the pulse or ballistocardiogram artefact, provoked 
by the pulsatile movement of the blood in scalp arteries within 
the static magnetic field (B0); and (iii) the gradient or imaging 
acquisition artefact [3, 4, 5, 6]. Gradient artefacts arise in the 
EEG signal due to the voltage induced by the application of 
rapidly varying magnetic field gradients for spatial encoding of 
the MR signal, and radiofrequency pulses (RF) for spin 
excitation, in the circuit formed by the electrodes, leads, patient 
and amplifier [5]. Their amplitudes can be several orders of 
magnitude (up to 10

4
 µV) higher than the neuronal EEG signal 

(up to 300 µV) [5, 7]. In case of continuous fMRI acquisition, 
the bandwidth of the standard clinical EEG is exceeded by 
high-frequency artefact components, in addition to being 
overlapped by discrete harmonic artefact frequency intervals, 
or frequency bins. According to [8], the fundamental of each 
respective frequency bin corresponds to multiples of the 
inverse of the echo-planar imaging (EPI) parameter slice time. 
In turn, for periodic fMRI, i.e., with delays between EPI 
volumes, harmonics in the frequency range of the volume 
repetition frequency are convolved with the clinical EEG as 
well [4, 5]. 

In the literature, a number of solutions have been proposed 
to attenuate the effects of gradient artefacts on the EEG signal 
at the source [5, 9]. Nonetheless, as those methods do not carry 
out the complete removal of the artefact, post-processing signal 
solutions have been also proposed and employed for gradient 
artefact correction and subsequent EEG restoration. In this 
respect, the average artefact subtraction (AAS) methodology 
[4] is the most established technique for gradient artefact 
removal. This approach is based upon the stationary and 
periodic nature of the artefact, whereby an average artefact 
waveform is estimated and subtracted from the EEG signal in 
the regions in which the artefact occurs. However, the 
performance of the AAS method depends on accurate sampling 
of the gradient artefact waveform. It requires time-alignment 
between fMRI scanner and EEG clocks as well [10, 11, 12, 
13]. Head motions of the subject within the fMRI scanner can 
also compromise its efficacy, because of the alterations and 
transients that are inserted in the artefact waveform, resulting 
in an inaccurate averaging process [14]. Hence, additional 
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Fig. 1. Block diagram structure of the proposed methodology for gradient artefact correction. 

information associated with the head movements must be 
quantified and used for obtaining a superior artefact correction 
[15, 16]. 

Other gradient artefact correction techniques in the time or 
frequency-domain have been proposed as well, like sum-of-
sinusoidal modelling for artefact waveform estimation [17], 
principal component analysis [8, 18], independent component 
analysis [19], spatial filtering [20], and frequency-domain 
filtering [21, 22, 23]. According to [24], there is no optimal 
approach for gradient artefact correction, and certain 
algorithms may be preferred depending on the type of data 
analysis pursued. Their improvement and the development of 
further correction methods are even demanded in order to 
enhance the quality of the EEG correction, mainly regarding 
EEG signals with low amplitude or high-frequency activity, 
and under the occurrence of abrupt subject head motions [9, 12, 
16, 18]. This paper presents a novel and simple methodology 
for gradient artefact correction based upon optimized moving-
averaging (MA) filtering. According to our method, estimation 
of the artefact is not performed by an artefact waveform 
averaging or curve fitting procedure. Rather, we have proposed 
a recursive forward-backward application of the moving-
average filter along the entire EEG excerpt, in such a way that 
the gradient artefact is optimally estimated, and then subtracted 
in order to restore the signal. Alternatively, the restored EEG 
signal can be estimated by a sum of partial components 
obtained during the iterative application of the MA filter, as 
described in the section Methods. Combination of the 
optimized moving-average filter approach with the nonlinear 
filter proposed by [25] allows obtaining a quite satisfactory 
EEG restoration during periodic or continuous fMRI. 
Furthermore, extensive data segmentation as well as time-
alignment between EEG and fMRI clocks are not required 
within the implementation of the proposed approach. 

II. METHODS 

A. Subjects 

The EEG recordings were collected simultaneously with 
the fMRI data for a research focused on epilepsy and post-
traumatic stress disorder (PTSD) [17, 26]. All participants were 
male and aged between 18 and 60 years. EEG recordings from 
15 subjects were selected in order to apply and evaluate the 
methodology proposed in this work. 

B. EEG and fMRI Data 

Functional magnetic resonance imaging scanning was 
carried out using a 3 T Scanner (Philips, Eindhoven, The 

Netherlands). An MRI-compatible 64 channel polysomnograph 
(MRI 64, MicroMed, Treviso, Italy) was used to collect one 
ECG channel, two EOG channels, one EMG channel, and 60 
EEG channels. The sampling rate for signal acquisition was 
2048 Hz. The subjects were scanned using a functional echo-
planar imaging (EPI) sequence with 33 transversal slices 
(thickness 3 mm, TE 30 ms, TR 2500 ms). EEG electrodes 
positioning was in accordance with the international 10-20 
system electrodes placement [27].  The EEG recordings were 
acquired during periodic fMRI acquisition. 

C. Proposed Methodology for Gradient Artefact Removal 

Our methodology was implemented in accordance with the 
algorithm block diagram of Fig. 1. Each step of the algorithm 
was developed and applied to the EEG recordings in MATLAB 
environment. Equation (1) was taken into account to model the 
raw EEG signal, EEGraw: 

 nGEEGEEG artftrueraw ++=  (1) 

where EEGtrue corresponds to the true EEG signal; Gartf is the 
gradient artefact; and n represents the additional noise. 

1) Peak detection and ST estimation 
Implementation of the methodology illustrated in Fig. 1 

requires the initial detection of the typical gradient artefact 
peaks, which are observed in the raw EEG data recorded within 
the MR scanner. Such detection is necessary for estimation of 
the EPI slice time, ST, parameter used during implementation 
of the optimized moving-average filter (step 3 of Fig. 1). In 
order to detect the peaks, we have used the peak detection 
algorithms proposed by [28]. For the data under analysis, the 
value of ST was estimated at 155 ± 1 samples, which 
corresponds to the time interval of 75.68 ± 0.50 ms [27]. 
Hence, the slice time was set as ST = 155 samples. 

2) Nonlinear filtering by signal slope adaption (SSD) 
Large signal slopes associated with the gradient artefact can 

be used to identify and correct artefact components [27]. Based 
on this idea, the usage of a nonlinear filter approach to improve 
the restoration of the EEG signal has been proposed in [25] in 
such a way that residual high-frequency as well as underlying 
artefact components within the EEG bandwidth could be 
attenuated. Such a nonlinear filter makes use of the signal slope 
adaption (SSD) approach [29], whose implementation takes 
into account probability distributions of the difference between 
consecutive samples of artefact free EEG excerpts 
(diff (EEGtrue)), and EEG excerpts containing gradient 
artefacts (diff (EEGraw)) [17]. 
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Fig. 2. (a) Power spectrum of the raw EEG signal; (b) power spectrum of 

the EEGcorct; (c) power spectrum of the signal EEGrest,1; (d) power 
spectrum of the signal EEGhigh,1. Harmonics of the repetitive slice 

sequence related to the gradient artefact can be observed at multiples of 

13.2 Hz in (a), (b), and (d), but are not contained in (c). 

Thereby, the gradient artefact activity can be attenuated by 
adapting signal slopes of the raw EEG, according to the 
threshold thrs [17, 25]:  

 
)()( 3

truetrue EEGEEG diffdiff σµthrs +=  (2) 

The nonlinear filter approach by SSD was applied in the 
step 2 (Fig. 1), as a pre-processing procedure of our 
methodology, in order to obtain an attenuated artefact (Aartf). 
The resulting signal after attenuation of the gradient artefact 
constitutes the signal EEGcorct: 

 nAEÊGEEG artftruecorct ++=  (3) 

3) Optimized moving-average filtering 
A moving-average (MA) filter corresponds to a finite 

impulse response (FIR) filter, described by (4) [30, 31]: 

 ∑
=

−=
N

k

kiki xcy
0

 (4) 

where x and y are, respectively, the input and output signals of 
the filter; ck are the filter coefficients or tap weights 
(k = 0,1,2,…, N); and N is the order of the filter. A simple 
moving-average filter is the Hanning filter, which corresponds 
to the arithmetic mean of the values of the input signal: 

 ∑
−

=

−=
1

0

1 N

k

kii x
N

y  (5) 

To remove the gradient artefact from the EEG signal, we 
have proposed to use an optimized Hanning filter, as follows. 
The time ST between the gradient artefact peaks (slices) was 
used to set the order of the MA filter, i.e., N = 155. Assuming 
that the gradient artefact waveform is stationary (i.e., it can be 
considered a slowly varying process) and has zero mean, 
application of such a moving-average filter to the raw EEG 
only would run over values associated with the true EEG 
signal. Hence, the resulting average waveform would 
correspond to the mean variation of the EEG signal along the 
entire excerpt. Therefore, assuming that the terms of (3) are 
uncorrelated, forward-backward application of (5) to the 
EEGcorct results in the waveform EEGrest,1, which can be 
characterized as an averaged approximation of the EÊGtrue: 

 truerest,1 EÊGEEG ≈  (6) 

The MA filter acts as a smoothing low-pass filter, in such a 
way that the signal EEGrest,1 contains low-frequency activity 
associated with the EÊGtrue. In turn, the frequency activity 
associated with the gradient artefact is contained in the signal 
EEGhigh,1, resulting from the subtraction of the EEGrest,1 from 
the EEGcorct: 

 rest,1corcthigh,1 EEGEEGEEG −=  (7) 

Those characteristics can be observed in the power spectra 
depicted in Fig. 2. The power spectra of this figure correspond 
to the signals EEGrest,1 and EEGhigh,1, and the associated 
EEGraw and EEGcorct. Such raw EEG excerpt was extracted 
from the recordings of one subject, electrode position FP1. 
Since high-frequency components associated with the EÊGtrue 
remain in the EEGhigh,1, we applied (5) in the latter signal 
again, in order to obtain an estimation of such components. The 
second forward-backward application of the MA filter, 
therefore, results in the signal EEGrest,2, and the EEGhigh,2 can 
be obtained from the subtraction: 

 rest,2high,1high,2 EEGEEGEEG −=  (8) 



160 161 162 163 164 165 166
-1000

-500

0

500

1000

S
ig

n
a

l (
µ

V
)

Time (s)

Raw EEG

160 161 162 163 164 165 166
-100

-50

0

50

100

Time (s)

S
ig

n
a

l (
µ

V
)

EEG signal after aplication of the nonlinear filter by SSD

160 161 162 163 164 165 166
-100

-50

0

50

100

S
ig

n
a

l 
(µ

V
)

Time (s)

Restored EEG signal

a

b

c

 

Fig. 3. Illustrative application of the proposed methodology for gradient 

artefact correction: (a) Typical raw EEG signal; (b) EEG after application 

of the nonlinear filter in the raw EEG; (c) restored EEG signal (J = 200). 
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Fig. 4. Power spectrum of: (a) the nonlinear filtered signal; and (b) the 

restored EEG signal of Fig. 3. 

This procedure was repeated so forth, until a number J of 
iterations had been reached. Therefore, the recursive 
application of the MA filter allows that the remaining partial 
components EEGrest,j, of the EÊGtrue, are estimated and 
separated from the signal EEGhigh,j. Thus, at each iteration, the 
amplitude (or the maximum magnitude) of the EEGrest,j tends 
to approximate to 0. In other words, increasing the number of 
iterations, j → J, the EEGhigh,j can be optimally approximated 
to the gradient artefact, Aartf: 

 
artfhigh,

EEG
AEEG

rest,

=
→

J
j 0max

lim  (9) 

In this case limit, therefore, the restored EEG (EÊGtrue) 
corresponds to either the subtraction between the EEGcorct and 
EEGhigh,J: 

 
Jhigh,corcttrue EEGEEGEÊG −=  (10) 

or the sum of the partial waveform components resulting from 
the recursive application of the optimized MA filter: 

 ∑
=

=
J

j 1

jrest,true EEGEÊG  (11) 

4) Consistency analysis 
A set of EEG validation channels, FP1, F3, F8, T5, P3, Oz, 

CP1, FC5, AFz, F6, C2, TP7, CP4, and POz, was used for 
evaluation of the proposed gradient artefact correction 
approach. For validation purposes, we have compared the 
power spectra of EEG excerpts recorded in the fMRI scanner 
with and without fMRI, as performed by [4]. The power 
spectrum was calculated for the range of the clinical EEG (0 – 
24 Hz) [4, 17, 25]. A comparison between the signal 
restorations obtained by our methodology and by the AAS 
method was also made. 

III. RESULTS 

Fig. 3 depicts the application of the methodology proposed 
in this work. The raw EEG signal (Fig. 3a) and the EEGcorct 
(Fig. 3b) are the same ones whose power spectra are shown in 
Fig. 2. The raw EEG signal depicted in Fig. 3a contains artefact 
interference at 1.4mV pk-pk, whereas after application of the 
nonlinear filter such interference was attenuated to 25.8 µV pk-
pk (Fig. 3b). The respective restored EEG is shown in Fig 3c, 
for a number J = 200 iterations of the MA filter. In Fig. 4, the 
power spectrum of the EEGcorct is also depicted, jointly with 
the power spectrum of the restored EEG. It can be noticed that 
the optimized MA filter attenuates the frequency components 
at the artefact frequency bins (multiples of 13.2 Hz). This 
characteristic is observed in the approximated flat regions of 
the spectrum of Fig. 4b.  As the EEG data were recorded 
during periodic fMRI, the delay time (DT) between 
consecutive volumes occurred in the raw EEG signal of Fig. 
3a, at 160.35, 162.85, and 165.35 s. The volume repetition 
frequencies components associated with the DT were 

effectively attenuated during application of the nonlinear filter 
by SSD as well, and are not observed in Figs. 3b and 3c. Fig. 5 
depicts the EÊGtrue and the respective partial waveform 
components (J = 60) resulting from the recursive application of 
the optimized moving-average filter in the EEGcorct. Fig. 6 
demonstrates the convergence of the limit described in (9), and 
how the maximum magnitude of the signal EEGrest,j decreases 
with the increasing number of iterations, j. We noticed that at 
J = 60, the maximum magnitude of the signal EEGrest,j reaches 
less than 0.5% of its value at the first iteration, whereas at 
J = 200, such magnitude is smaller than 0.1%. Considering the 
EEGcorct, a large number of iterations results in a better 
estimation of the restored EEG. Nevertheless, we have 
experimentally observed that high-frequency components 
associated with the clinical EEG can be satisfactorily preserved 
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Fig. 7. Average artefact waveforms obtained by our proposed 

methodology (blue trace), and by the AAS method (red trace). 
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Fig. 5. Restored EEG signal (blue trace) and the respective partial 

waveform components EEGrest,j (green traces) (J = 60). 
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Fig. 6. Maximum magnitude of the signal EEGrest,j, according to the 

number of iterations performed by the optimized moving-average filter 
(J = 60). 

in the EÊGtrue for J larger than 60 iterations. In Fig. 7, the 
estimated average artefact waveforms by our methodology 
(J = 60) and by the AAS method are depicted, considering the 
signal EEGcorct of Fig. 3b (between 162.85 and 165.35 s), and 
a window length of 32 slices [17]. For estimation of such 
average waveforms, the EEGcorct was segmented and 
interpolated in accordance with the implementation of the AAS 
methodology [4]. Such waveforms show to be quite similar, 
with mean standard deviation of the difference between them 
calculated at 0.4 µV, and median cross-correlation equal to 
0.999, considering all validation channels and subjects. This 
fact demonstrates that the artefact estimative Aartf does 
represent the gradient artefact interference, as predicted in (9).  
Since the gradient artefact activity calculated by our 
methodology does not constitute an artefact template, the 
variability of the artefact waveform over the time is predicted 
within the artefact estimative Aartf as well. The power spectral 
difference was calculated in order to compare the median 

power spectrum of EEG excerpts with no fMRI, SNF, with the 
median power spectrum of the restored EEG with fMRI, SF [4]: 

 %absolute100 Difference 






 −
×=

NF

FNF

S

SS
 

 (12) 

For calculation of the SNF, the EEG excerpts with no fMRI 
were filtered by the nonlinear filter as well as by the optimized 
moving-average filter (J = 60), as performed for the restored 
EEG excerpts of the same channel. Considering EEG 
recordings from the 15 subjects and the EEG validation 
channels, the spectral power difference calculated within the 
frequency bands 0 – 4 Hz, 4 – 8 Hz, 8 –12 Hz, and 12 – 24 Hz, 
was 2.8%, 13.6%, 6.2%, and 8.6%, respectively. We have 
noticed that this difference decreases, as J increases. 

IV. DISCUSSION AND CONCLUSIONS 

Albeit a number of approaches have been proposed and 
achieved a satisfactory removal of gradient artefacts from the 
EEG signal recorded within the fMRI scanner, their 
improvement as well as the development of further correction 
techniques are still demanded in order to enhance the quality of 
the restored EEG [9, 12, 16]. In this sense, we have proposed a 
novel methodology to remove the artefact, which combines an 
optimized moving-average filtering approach with the 
nonlinear filtering method proposed in [25], as depicted in Fig. 
1. Such nonlinear filter approach is used to attenuate the 
artefact activity before application of the optimized moving-
average filter. In turn, the MA filter performs the restoration of 
the EEG signal by a recursive estimation either of the gradient 
artefact waveform along the entire EEG excerpt, which is 
subtracted afterwards (10); or alternatively, of partial 
waveforms partial components which compose the restored 
EEG (11). As shown in Figs. 2, 3, and 4, application of the 
methodology depicted in Fig. 1 results in an effective removal 
of the gradient artefact. In addition to smooth the signal, the 
optimized MA filter removes gradient artefact interference 
contained into the bins regions [8], as can be noticed in the 
approximated flat regions of the spectrum of Fig. 4b. On the 
other hand, the nonlinear filter by SSD carries out an adaptive 
attenuation of artefact frequency components along the entire 
signal bandwidth, according to the characteristics of the signal 
slope parameter [25] (Figs. 2, 3, and 4). In case of periodic 
fMRI acquisition, we have noticed that this property allows 
attenuating the frequency activity associated with the EPI 
volume repetition. For continuous fMRI acquisition, the 
optimized MA filter can be even directly applied in the raw 
EEG. Nevertheless, residual high-frequency activity associated 
with the slice repetition could remain in the restored EEG for 
larger values of J, which requires the usage of additional 
approaches for removing it. In this case scenario, application of 
the nonlinear filter with a higher thrs (2) associated with a 
larger J might constitute an alternative to preserve EEG high-
frequency components. Such characteristics shall be better 
evaluated in future work. Since estimation of the artefact 
interference is not based upon the subtraction of an artefact 
waveform model or template [4, 11, 13, 17], resulting 
subtraction residuals are negligible within application of our 



method, which enables its use for correction of EEG signals 
with small amplitude. Another advantage of using the proposed 
approach is that there is no need for time-alignment between 
EEG and fMRI clocks as well as extensive data segmentation. 
Finally, the optimized moving-average combined with the 
nonlinear filter seems to be effective under the occurrence of 
abrupt subject head motions [14, 16], which shall be better 
evaluated in future work as well. As further suggestion for 
future work, the proposed methodology should be applied and 
assessed for EEG data acquired within other types of fMRI 
equipments. 
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