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ABSTRACT

In this paper the problem of removing ballistocardiogram (BCG)
artifact from EEG signals is addressed. This kind of artifact appears
in simultaneous EEG-fMRI recordings. We propose a new Blind
source extraction method based on linear prediction technique. The
proposed method is a joint short-and-long-term prediction (SLTP)
strategy to extract the BCG sources. The main reason of using
this technique is to jointly model the temporal structure (short-term
prediction) of sources and exploiting the prior information of BCG
sources (long-term prediction). The results of extensive experiments
on both synthetic and real data confirm the strength of the proposed
technique to effectively remove the BCG artifact.

Index Terms— Blind source extraction, ballistocardiogram, lin-
ear prediction.

1. INTRODUCTION

Simultaneous recording of electroencephalography (EEG) and func-
tional magnetic resonance imaging (fMRI) is a useful technique
for the study of brain function. Although both EEG and fMRI
provide valuable information about brain functionality, the former
suffers from low spatial resolution and the latter from low temporal
resolution. Fusion of EEG and fMRI can therefore compensate
for the existing shortcoming of each technique. However simul-
taneous recording of EEG and fMRI poses some difficulties. One
of the major limitations is the effect of artifacts introduced in the
EEG. Recorded EEG signals in the magnetic field are distorted by
two major artifacts, gradient artifact and ballistocardiogram (BCG).
Changes of magnetic field in MRI scanner during image acquisi-
tion cause gradient artifact [1]. Since this artifact does not show
significant variability over time it can be subtracted from EEG sig-
nal using an average template approach [2]. The EEG signal after
removing the gradient artifact suffers from another severe artifact
known as BCG. This artifact is generated because of EEG electrode
movements resulting from heart pulsation inside the magnetic field.
Cardiac pulsation causes a small movement in each electrode and as
a result a voltage will be induced into each electrode which obscure
the EEG signal mainly at alpha frequencies (8—13 Hz) and below [3].

In order to have a successful EEG-fMRI integration an efficient
removal of BCG artifact is needed. Average artifact subtraction
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(AAS) is an effective algorithm which has been proposed for can-
celation of the BCG artifact [1]. In this method first of all, the QRS
events of ECG signal are detected. Then, a number of EEG signal
slices segmented based on detected QRS are averaged to build a tem-
plate for artifact in each channel. The BCG can be removed by the
subsequent template subtraction from each channel. One of the ma-
jor drawbacks of this widely used method is incompatibility with ar-
tifact changes over time. Since the shape of BCG artifact is affected
by both variation of heart beat and subject movements, the assump-
tion of occurring similar artifacts in all the trials is not always valid.
In order to deal with heart beat timing variation, Kruggel et al. [4]
improved the AAS using a dynamic template with adaptive ampli-
tude calculated by sliding and averaging. Niazy et al. [5] developed
an algorithm using principal component analysis (PCA) known as
optimal basis set (OBS). In their method, first a mixture of artifact
trials is formed for each channel, then, the principal components of
this mixture are calculated. In the third step, few of the first principal
components are selected as the basis set. In the last step a template
is created using the selected basis set and subtracted from each BCG
trial. This method does not lead to good results when there are addi-
tional artifacts in the EEG data due to subject movement.

Another class of artifact removal methods is based on blind
source separation (BSS). Independent component analysis (ICA) is
a well-known BSS technique and a powerful statistical algorithm to
remove the BCG in EEG [6]. The BSS approaches are useful when
no ECG signal is available for template matching. Methods using
ICA assume that the recorded EEG signals can be represented by a
linear mixture of neural activity inside the brain, and artifacts caused
by muscles and noise. On the other hand, ICA decomposes the EEG
signals into a set of independent components (ICs). Removing
ICs containing BCG artifact and backprojecting the remaining ICs
achieves the clean EEG signals. In several studies ICA has been
used for removing the BCG artifact [7]. Nakamura et al. [8] evalu-
ated the performance of different ICA algorithms for removing BCG
from EEG data. The most important issue in BCG removal using
ICA, is choosing the correct number of extracted components that
should be deflated. Different numbers for BCG components among
the ICs have been reported in different researches. For example,
in [8] three independent components are selected as BCG artifact. In
contrast, Mantini et al. [7] show that ICs should be removed from the
extracted sources comprises of three to six independent components.
Some methods use the correlation between the estimated ICs and
the ECG channel as a criterion to select the BCG components [7].



Selecting and removing only a small number of sources as BCG
may leave some artifacts in the signals. In contrast, selecting and
removing a large number of sources may eliminate some of the
useful information from the EEG signals. Although ICA algorithms
have broad application in BCG removal, their performance may
be limited as it does not use a priori information about the BCG
artifact. In a recent method, Ghaderi et al. [9] proposed a blind
source extraction (BSE) technique with cyclostationarity constraint
to extract the BCG sources. In another attempt, Leclercq et al. [10]
proposed a constrained independent component analysis (cICA) to
remove the BCG artifact.

In this paper, we propose a BSE method by incorporating a lin-
ear predictor (LP) [11]. In contrast to BSS algorithms in which all
the sources are recovered simultaneously, in BSE algorithms only
one or a selected number of sources are extracted at any time. In
BSE methods, it is desired to extract the sources with particular sta-
tistical features or properties such as smoothness, predictability, or
temporal correlation. In this work predictability is used as the cri-
terion for source extraction. The main reason of using this criterion
is to exploit the temporal structure of BCG sources as a priori. Al-
though LP-based BSE algorithms extract the sources with specific
temporal structure, they are only able to model autoregressive (AR)
structure of the sources. On the other hand, these methods employ
merely a model that describes short-term prediction. Since the BCG
sources have more temporal (particularly long-term) correlation than
any other extracted sources, a technique based on short-term predic-
tion is not enough to extract this artifact completely. In this work an
algorithm which jointly models both short-term and long-term pre-
diction is proposed to extract the BCG sources.

In the next section the LP-based source extraction methods are
described. In section 3, we present the mathematical details of the
proposed method. The simulation results are presented in section 4.
Finally, the paper is concluded in section 5.

2. PROBLEM FORMULATION

Assume that m observed signals z;(¢) are linear combinations of n
unknown source signals s;(t), with (m > n). Source signals are
either statistically independent or have different temporal structures.
The BSS problem can be formulated as follows.

n

zi(t) =Y aijs;(t) i=1,2,....m, (1)
j=1
or in matrix notation
x(t) = As(t) + v(t) (2)

where x(t) = [21(t), ..., m ()] is the m x 1 observation vector,
s(t) = [51(t), ..., 5,(t)]" is the vector of n source signals at time ¢
which are assumed to be zero mean, A is an m X n unknown full
column rank mixing matrix and v(¢) is m x 1 noise vector. In BSS-
based methods, source signals can be retrieved by determining an
n X m separation matrix W. In general, W can be represented by
product of A~! and scaling and permutation matrices. After obtain-
ing the separation matrix the source signals are calculated by:
m
yi(t) = wyewi(t)

i=1

J=12,...,n, ©))

or in matrix notation

y(t) = Wx(2). ©)
where y(t) = [y1(t), ..., yn(t)] is the n x 1 estimated source sig-
nals at time ¢.

The problem of estimating the sources of interest in BSE is
equivalent to identification of the corresponding columns of mixing
matrix, a;, or their pseudo-inverse, w;, which are rows of separation
matrix W = AT

A BSE algorithm may exhibit weaker convergence than simul-
taneous blind separation techniques. The main reason is some ill-
conditioned problems due to accumulation of error during deflation
procedures. In order to eliminate this problem a pre-withening is
applied to the observation signals x in the form:

x(t) = Qx(t) ®)

where Q € R™*™ is a decorrelation matrix ensuring that the corre-
lation matrix Rgz = E{S()ET} = I, is an identity matrix.

It is shown that a blind source extraction using linear predictor is
capable of extracting temporally correlated sources [12]. Since this
is in the scope of this paper we describe linear prediction in detail in
the following section.

3. ALGORITHM

3.1. Short-term prediction

A generic linear prediction problem is expressed as follows:

Ky
es(t) =y(t) = Y bpy(t—p) =w'x(t) = b y(t) (6)
p=1
where w = [wl,wg, ce. ,wm]T, b = [1)1,1727 L. ,bKl]T, S’(t) =

[y(t—1),y(t—2),...,y(t—K1)]" and K, is the prediction order.

It is desired to estimate the optimal value of w and b leading
to a successfully extracted y. For this purpose, the following cost
function should be minimized:

Tolw,b) = S B{E(0) ™

where E'{.} denotes the expected value.

Applying such a cost function allows us to model the sources of
interest using an AR model [13]. However, the performance could
be significantly improved by imposing a priori about the temporal
structure of those sources. This can play a crucial role in applications
concerning artifact removal from biomedical signals especially EEG
signals.

3.2. Long-term prediction

The purpose of a long-term linear predictor is to model a signal based
on samples that do not immediately precede the current sample. The
resulting error of long-term linear predictor is formulated as follows:

alt) =y(t) =Y dpy(t—7—p) =w'k(t) —d"yi(t) (8

where w = [w1, w2, ..., wm|",d = [di,da,...,dr,|", Fi(t) =
[y(t—7—1),y(t—7—2),...,y(t—7— K>)]7, 7 is the prediction
distance referring to the cycle duration of periodic source signal and
K5 is the prediction order.



3.3. Proposed method
In the proposed algorithm a joint model based on short-term and
long-term predictors is defined as the cost function:

T(w,b,d) = SB(2} + 1 B{ef} = J(w,b) + Ji(w,d) )

where e, and e; are short-term and long-term prediction errors re-
spectively. The minimization of the proposed cost function leads
to extracting the sources which are temporally correlated and their
period is equal to 7 defined in long-term prediction error.

A consequence of applying such a joint model for BCG removal
application, is exploiting the temporal structure of BCG artifact as a
priori for source separation. A normalized autocorrelation of ECG
channel or EEG signals containing BCG artifact is used to estimate
the periodicity length 7 in long-term prediction.

We use the standard stochastic gradient descent algorithm [11]
to estimate vectors w, b and d which minimize the proposed cost
function. The partial derivatives of 7 (w, b, d) with respect to w, b
and d are calculated as follows:

0J(w,b,d)  0J.:(w,b) n 0T (w,d)
ow B ow ow '

prx t—p (11)

K
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where by, and dj, are the kth element of vectors b and d respectively.

The learning rules for w, b and d are derived by substituting the
derivatives obtained in (11-14) into the stochastic gradient descent
approach.

W = w g 2w’ Rex(0) (15)
—2wl" Zb(’)R"
T 2
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p=1
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where 7w, N and nq are the step sizes and wr D), bgfﬂ) and

dgfﬂ) are the updated values of parameters of the proposed cost
function.

The above update rules are followed for all the sources from
1 to n and the procedure of updating the values of w, b and d is
repeated to minimize (9). It is important to note that normalization
of w is necessary after each iteration to preserve the column norm
of separation matrix.

After estimating the separation matrix, the sources which are
related to the BCG artifact can be determined visually. Preferably,
the normalized autocorrelation of the extracted sources can be used
to cluster the BCG sources automatically. In the last step, the sources
which are selected as BCG are set to zero and the remaining sources
are projected back to the sensor space.

4. EXPRIMENTS

In this section, the performance of the proposed method for BCG
removal is evaluated. First, it is compared with different ICA algo-
rithms using a set of synthetic signals. Then, it is applied to a set of
real-world EEG data and the results are compared with the results of
commonly used methods for BCG removal.

Results of the proposed algorithm for synthetic data are com-
pared with those of well-known BSS algorithms such as Infomax,
FastICA and JADE. Infomax was proposed by Bell et al. [14] and is
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Fig. 1. Simulated EEG data; (a) sources, and (b) mixtures.

working based on the maximization of the estimated entropy. Fas-
tICA is another popular algorithm for blind source extraction which
has been proposed by Hyvarinen et al. [15]. Maximization of non-
Gaussianity as a measure of statistical independence is the objective
of this algorithm. JADE is another ICA algorithm which is based
on joint diagonalization of cumulant matrices [16]. Results of the
proposed method for real EEG data are compared with the results of
well-known algorithms AAS [1], OBS [5] and FastICA.

4.1. Synthetic Data

A set of four sources including artifact and EEG rhythms with spe-
cific temporal structure are used to generate synthetic EEG signal
(Figure 1.(a)). The sources are extracted from the real EEG data set
which is used in the next section. In Figure 1.(a) the first two sources
from the top are assumed to be the BCG artifacts, the third source is
a sine wave and the last one is a uniform random noise. The sources
are mixed by a full column rank random 4 x 4 matrix. Figure 1.(b)
shows a typical mixture of the synthetic sources.

In order to determine the prediction distance for long-term pre-
diction, the normalized autocorrelation of each simulated EEG sig-
nal is calculated. The distance between the peaks appeared in the re-
sult of estimation of autocorrelation function is approximately equal
to the period of BCG artifact, and is selected as the prediction dis-
tance, 7, for long-term prediction. For synthetic data utilized in this
work, 7 is obtained as 290 samples. An experiment including 100
trials is carried out to estimate the optimal values of prediction orders
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Fig. 2. Average performance indices of 100 trials for different
values of prediction orders (K and K5). The image intensity
represents the performance index value in dB.

for short- and long-term prediction.

In order to evaluate and compare the performance of different
algorithms for synthetic EEG signal the following performance in-
dices are used. The first index used in this work evaluates the suc-
cess of a typical BSE algorithm in terms of extracting sources [11].
In all source extraction algorithms, it is desired to find a vector
w such that the value of each source at time ¢ is estimated using
y;(t) = wix(t). In the ideal case, g; = w, A = Zc;e; is a
vector with only one non-zero element in the jth place, correspond-
ing to the jth extracted source. e; is a vector with only one unitary
element, and c; is a positive scalar. Vector g; is used to quantify
the quality of source extraction algorithm as defined in the following

equation:
—-1].
1 Gin} >

(18)
Smaller values for this index indicate better quality in the results of
source extraction.

The next performance index presents the accuracy of the al-
gorithm to extract the BCG sources. Assume that the number of
sources which are extracted as BCG is denoted by d,. The correla-
tions between these sources and the actual artifact sources reflect the
ability of the algorithm in terms of extracting artifacts:

(yi(t),si(t))
),si(t)(yi(t),si(t))

where s;(t) is the actual source which has highest correlation with
the extracted artifact y; (¢). Again, smaller value of this index shows
better performance of the algorithm.

Figure 2 presents the performance index values, averaged over
all 100 trials for K1, K2 = 2,...30. These results are obtained by
calculated PI; and P> for any combinations of K and K2 on a
30 x 30 grid. It is interestingly seen from Figure 2 that both PI;
and Py have minimum dB at (K, K2) = (20,16). In fact, we
observe co-occurrence of dark blue regions for both PI; and Pl
within K7 = 16-20 and K2 = 16-20 in Figure 2.

For a comparison, we also present the average performance in-
dex values for different methods in Table 1. We used the optimal
values of K1 = 20 and K2 = 16 for the proposed method in this
table. It is seen that the performance of the proposed method is very
close to that of FastICA and JADE for linearly mixed synthetic data.
Although these three methods do not show significant difference in

n
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the value of PI;, SLTP-BSE and FastICA provides smaller value
for PI5. The value reported in table 1 approved that the proposed
BSE algorithm (coined SLTP-BSE) effectively extracts the sources
of interest.

4.2. Real EEG-fMRI Data

The real EEG data set used in this work comprises of 64 EEG chan-
nels with sampling rate of 10KHz. The experiment is a simultaneous
EEG-fMRI recording and was conducted at the King’s College Lon-
don. During the task, the subject is asked to move their hand toward
the colored signs which are appeared on the screen. In order to de-
crease the computational time, the number of channels downsampled
to 32. All the preprocessing steps used for this data set are: 1) remov-
ing gradient or imaging artifact using the method proposed by Niazy
et al. [5]. 2) Down-sampling data to 250Hz. 3) Bandpass filtering
using a Butterworth filter. The cutoff frequencies for low-cut and
high-cut frequencies are selected as 0.5Hz and 45Hz respectively. A
10s segment of the recorded data includes BCG artifact is shown in
Figure 3.

In order to remove the BCG artifact from EEG data, we first di-
vided EEG signals into smaller segments. Then, the SLTP-BSE was
applied to each segments. Five sources out of 32 were detected as
BCG. We performed this step by computing the normalized autocor-
relation of each extracted signal. These sources were then deflated
and the remaining data backprojected into the sensor space. The
algorithm parameters were selected as follows: prediction distance
7 = 270, the orders for short-term and long-term prediction errors
K1 = 20 and K2 = 16 respectively. All step sizes were set to
Nw = Mp = na = 0.02. Figure 4 shows the result of applying
the proposed method to segments given in Figure 3, after deflating
artifact sources. It is seen that, the proposed method removed a sig-
nificant portion of BCG artifact.

The performance of the proposed method is compared with well
established techniques using an appropriate performance index. This
index measures the average correlation of the cleaned signals at time
delays corresponding to the period of BCG () artifact [8]. The
amount of BCG artifact which is still present in the data is shown by
this index:

Pl = 3" 1910gy, Zrar | Zuldlt = 1) = p)(@(0) — )|
n 2o (@i(t) — pi)?

(20)
where X(t) = [&1(t), Z2(t),. .., & (t)]T is the remained data at
time ¢ after removing BCG artifact and p; is the average of &;(t).
Smaller values for this index show better performance, meaning to
have less amount of BCG artifact. We selected A7 = 25 samples
for calculating PI3. Figure 5 shows the value of PI3 for AAS, OBS,
FastICA and SLTP-BSE. We also note that the number of removed
components using OBS and deflated BCG sources in FastICA were

Table 1. Different performance indices (in dB) for several
BCG removal methods.

PIy PI,
SLTP-BSE ~ -34.98 -27.96
Infomax -19.49 -14.14
FastICA -33.33 -25.29
JADE -32.19 -21.88
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Fig. 3. 32 EEG channels recorded inside MR scanner after
removing the gradient artifact.
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Fig. 4. 32 EEG channels after cleaning the BCG artifact using
SLTP-BSE.

Performance index (dB)
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Fig. 5. Comparison of performance index PI3 for different
methods.

selected as 5. It can be seen that the proposed method achieves a
smaller value compared to other methods. However, FastICA per-
formance is close to that of the proposed method. Since this data set
has been distorted by subject movement during the experiment, AAS
and OBS show weaker performances compared to FastICA and the
proposed method.

Figure 6 illustrates another segment of one EEG channel after
applying different methods. Furthermore, the average power spec-
tral density from all channels before and after artifact removal using
the proposed method are illustrated in Figure 7. It is seen that the
strong peaks existing in the original data at the main frequency and
harmonies of the subject’s heart beat frequency have been well re-
moved.
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Fig. 6. The original EEG signal with corresponding cleaned

signals using different techniques.
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Fig. 7. Averaged power spectral density of the original EEG
signal and the output of the proposed method.

5. CONCLUSION

We studied the problem of BCG artifact removal for both simulated
signals and real EEG-fMRI recordings. In order to appropriately
remove this kind of artifact, we proposed to use linear prediction
approach to model the temporal structure of the BCG sources along
with exploiting the prior knowledge about this source. Both short-
term and long-term prediction were considered for this purpose. The
results of our simulations on both synthetic and real data confirmed
the effectiveness of the proposed approach for BCG artifact removal.
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