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ABSTRACT

Joint Blind Source Separation (JBSS) is an essential and
versatile research topic that has attracted the attention of re-
searchers in the last decade. Independent Vector Analysis
(IVA) is an exciting approach in the context of the JBSS
method since it is an extension of Independent Component
Analysis (ICA) towards the exploitation of the statistical
dependency between different datasets through the use of
Mutual Information. In this work, we propose an original ap-
proach of IVA as a feature extraction step for Brain-Computer
Interfaces, focused on the Motor Imagery (MI) paradigm. For
this, we use the BCI Competition IV - Dataset 1. Since the
participants of the experiment are performing the same MI
tasks, we assume that the channels related to MI present
correlated signals across subjects that might be explored by
IVA techniques. The results show that the algorithm could
classify the MI movements using a consolidated and low-cost
classifier, Support Vector Machine, achieving an accuracy of
85%.

Index Terms— Brain-Computer Interfaces, Electroen-
cephalogram, Independent Vector Analysis, Machine Learn-
ing, Motor Imagery

1. INTRODUCTION

The Blind Source Separation (BSS) problem, in its linear
case, has been extensively studied given its versatility and ap-
plications in many areas, from engineering to neuroscience.
This problem consists of retrieving sources from signals pre-
viously submitted to a mixing process. Since both sources
and the mixture process are generally unknown, the source
separation task is carried out in an unsupervised fashion,

This study was financed by grants #2020/10014-2 and #2020/09838-
0, São Paulo Research Foundation (FAPESP), grant #88887.595656/2020-00
Coordination for the Improvement of Higher Education Personnel (CAPES),
and WHLP which is supported by Wellcome Innovations WT213038/Z/18/Z.

based only on the samples of the mixed signals [1]. How-
ever, a multimodal approach is often used to improve feature
extraction and classification, for example, in scenarios with
multi-subject/multimodal data fusion as in neuro diagnos-
tics [2]. In that sense, Joint Blind Source Separation (JBSS)
extends the problem to a multimodal approach, assuming
a dependence across datasets and independence of latent
sources within a dataset [3]. Independent Vector Analysis
(IVA) [4] is one particular approach to the JBSS problem and
is a recent extension of the Independent Component Analysis
(ICA) to multiple datasets. IVA has shown, in most cases,
superior performance in capturing variability in spatial com-
ponents across datasets, e.g., sound separation [5], denoising
electroencephalogram (EEG) [6], and in functional Magnetic
Resonance Imaging (fMRI) applications [7].

Brain-Computer Interface (BCI) provides an alternative
communication channel for disabled patients and possible au-
tomatic diagnoses. However, the efficient classification and
selection of the signals remain challenging in different areas
[8]. EEG is a non-invasive technique that measures electri-
cal activity in the brain by attaching electrodes to the scalp.
The feature extraction over EEG signals for BCI systems has
been a crucial stage for several classification problems. Previ-
ous studies with EEG signals showed a prominent advantage
compared with biomedical signals due to the wide range of
practical applications [9]. EEG analysis has attracted the at-
tention of the science community, especially in the diagnosis
of several neurological and neuropsychiatric disorders, such
as epilepsy [10], Alzheimer’s disease [11], and Parkinson’s
disease [12]. Motor Imagery (MI) is amongst the most popu-
lar EEG-based BCI paradigms. It refers to the active cognitive
process in which movements are rehearsed mentally without
overt body movements. In some cases, MI can be seen as a
novel therapeutic tool in neurological rehabilitation that can
be used for relearning motor control after damage to the mo-
tor system [13, 14].

In recent years, researchers developed novel techniquesIC
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for movement classification using the MI paradigm. The BCI
competition IV1 is a traditional dataset that provides open
access to high-quality neuroscientific data [15]. In [16], the
authors explore the spectral information existing in the bis-
pectrum of MI-related EEG signals, called bispectrum-based
channel selection (BCS), to classify movements from the BCI
competition IV Dataset 1 (DS1). They suggest that the spec-
tral information existing in the bispectrum of MI-related EEG
signals may aid the identification of which channels con-
tain redundant information. Haihong Zhang et al. [17] also
worked with the DS1 dataset, but using an optimum spatio-
spectral filtering network (OSSFN) that optimizes the spatial
filters in conjunction with a band-pass filter by maximizing
the mutual information between the feature vectors.

This paper proposes a novel application of IVA as a fea-
ture extraction technique for MI classification. In our method,
we combine IVA with Autoregressive model and Machine
Learning methods to classify MI movements. This method
allows the retrieval of independent components and the un-
derstanding of the relationship across different datasets. Ex-
ploring statistical dependency between datasets through mu-
tual Information helps in MI classification since it allows a
generic and homogeneous treatment of the whole data, which
facilitates the classification task. Furthermore, to the best of
our knowledge, this is the first application of IVA as feature
extraction in the motor imagery classification context. Ad-
ditionally, the features obtained from IVA reduced the need
for complex classifiers, achieving good results with a Support
Vector Machine.

2. METHODS

2.1. Independent Vector Analysis

Similar to ICA, the components extracted with IVA from a
particular dataset are assumed to be maximally independent.
In contrast, IVA also maximizes the dependence between cor-
related components from different datasets. We can describe
the general model with K datasets, each containing N sam-
ples formed from linear mixtures of M independent sources.
The mixing process x[k](n) can be modeled by:

x[k](n) = A[k]s[k](n), 1 ≤ n ≤ N, 1 ≤ k ≤ K, (1)

where s[k](n) = [s
[k]
1 (n), . . . , s

[k]
M (n)]T ∈ RM is the concate-

nated source vector in each dataset and A[k] ∈ RM×M is the
k-th invertible mixing matrix, being both unknown.

Following [3], we use data pre-whitening. The whitening
matrix V[k] was obtained by computing V[k] = E[k]D[k]−0.5

E[k]T , where D[k] is a diagonal matrix with the eigenvalues
and E[k] is a matrix with the eigenvectors of the correlation
matrix from the mixing vector x[k] for each dataset. With
V[k], the whitening process results in z[k](n) = V[k]x[k](n).

1DS1 is available in: https://www.bbci.de/competition/iv/

The demixing process aims to find K matrices W[k] and
the corresponding source vector estimates y[k](n) for each
dataset. This separation system is given by:

y[k](n) = W[k]z[k](n), 1 ≤ n ≤ N, 1 ≤ k ≤ K. (2)

IVA minimizes the mutual information among Sources
Component Vectors (SCV). In this paper, we work with IVA-
G [3, 7] that assumes a multivariate Gaussian distribution for
the SCVs, and thus only takes second-order statistical infor-
mation into account. In [7], the authors define the m-th SCV
as: sm(n) = [s

[1]
m (n), s

[2]
m (n), . . . , s

[k]
m (n)]T ∈ RK . Source

components are made maximally dependent within an SCV
and maximally independent across SCVs in IVA. This pro-
cess is exemplified by Fig.1.
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Fig. 1. Independent Vector Analysis concept.

2.2. Machine Learning Classifiers

Following [18], we selected the Support Vector Machine
(SVM) and the Logistic Regression (LR) to classify features
obtained through the use of IVA. SVM is an efficient super-
vised algorithm based on statistical learning theory that can
be used for classification or regression problems [19]. When
the IVA is combined with SVM, the algorithm is called IVA-
S. In our experiments, we used a Bayesian optimization to
automatically tune the hyper-parameters of the SVM model,
with the hyper-parameter search space including the product
of the gamma options, the degrees, the number of kernels,
and the type of kernel [20].

For the Logistic Regression [21] applied in IVA (IVA-
LR), we use a Random Grid Search for accuracy optimization,
analyzing the regularization hyper-parameters. When evalu-
ating the effectiveness of the accuracy improvement during
training, we profiled a vast range of hyper-parameters values.
In this case, we used 1000 iterations, and the search space in-
cluded the inverse of regularization strength C (with 10 search
values between [0.001, 10]) and penalty (L1, L2).
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3. EXPERIMENTS

3.1. Dataset 1 from BCI competition IV

Our experiments used the motor imagery dataset 1 from BCI
Competition IV [15]. This dataset has seven subjects, three
artificial (labeled as c, d, and e), and four real subjects (a, b, f,
and g). Each of them imagined the movement of the left hand
(mandatory) and either the right hand or foot/feet. In this pa-
per, we select only the real subjects since the aim is to explore
the real MI features. Each subject performed 200 trials (100
per class), acquired over four different sessions. The record-
ing setup used 59 EEG electrodes and at first, the dataset was
sampled at 1000 Hz and band-pass filtered between 0.05 and
200 Hz, but a downsampled version was also provided by the
competition. We use the downsampled (100 Hz) version of
the data for computational efficiency.

3.2. Procedure

We compare the proposed IVA feature extraction technique
with two methods, BCS [16] and OSSFN [17], which are
the state-of-the-art methods for decoding this specific motor
imagery dataset. Initially, to evaluate the algorithm perfor-
mance, the EEG signals were submitted to a holdout evalu-
ation technique where 80% of the data was used for training
and 20% for testing, following the competition rules. Train-
ing data was then whitened, considering each subject and each
class separately, leading to the definition of matrices V

[k]
c ,

with k = {1, 2, 3, 4} and c = {1, 2}.
After the pre-processing stage, the IVA was applied to the

training data for each class separately to obtain the W
[k]
c ma-

trices where k = {1, 2, 3, 4} and c = {1, 2}, that corresponds
to the extraction of the main features for the c-th class and
k-th subject. Then, considering the k-th subject, training data
was multiplied by W

[k]
1 and W

[k]
2 , followed by each corre-

sponding whitening matrix V
[k]
1 and V

[k]
2 , resulting in y

[k]
c

(Algorithm 1). Using matrices of both classes is necessary at
this point considering that test data is unknown.

Next, y
[k]
1 and y

[k]
2 were stacked, and Autoregressive

(AR) modeling with 4 coefficients (the number of coeffi-
cients was chosen based on a sweeping survey) was applied
to each extracted feature, which aside from preserving the
important attributes from the time series, also reduces the
data dimension. The resulting AR parameters are used as the
classifiers inputs (SVM and Logistic Regression). Finally, the
classifiers predict the class for each subject.

The IVA and classifiers weights obtained in the training
stage were kept fixed and applied to the test data. In that
sense, the parameters optimization for IVA, AR modeling,
and classifiers were performed only with the training data.
This procedure, exemplified by Fig. 2, was used to classify
the MI movements between left (L) or right/foot (R/F). The
whole procedure is summarized in Algorithm 1.

Fig. 2. General Algorithm block diagram. The EEG data
from each subject is transformed using IVA, AR modeling
and classified using ML methods.

Algorithm 1: IVA-Machine Learning
Initialization of IVA-S, IVA-LR:
W

[k]
c = IVA(z[k]); c = 1, 2; k = 1, . . . , 4

for each subject k do
for each class c do

y
[k]
c =

[
W

[k]
1 V

[k]
1 z

[k]
c

W
[k]
2 V

[k]
2 z

[k]
c

]
end

y[k] ← [y
[k]
1 y

[k]
2 ]

ŷ[k]=AR model(y[k])
SVM or LR classifier - input: ŷ[k];

end

3.3. Analysis of feature extraction

In the previous sections, we presented the Sources Compo-
nent Vectors and their relation with IVA. Based on the SCV
concept and following [7], in Fig. 3 we present some exam-
ples of SCVs covariance matrices obtained for the MI move-
ments classification. In Fig. 3(a), we considered class 1 (left-
L), showing s1(n) and s3(n) covariance matrices (K = 4),
while Fig. 3(b) considers class 2 (right/foot-R/F), s2(n) and
s15(n) covariance matrices. In Fig. 3(a) the high covariance
values between subjects “a”, “b”, and “f” are noticeable in
s1(n), while they are more important for subjects “a”, “b”,
and “g” in s3(n). On the other hand, the covariance is more
prominent between subjects “a” and “b” for s2(n), and among
“a”, “b”, and “g” subjects for s15(n) (Fig. 3(b)). In that sense,
it is possible to verify that IVA is capable of exploiting the
correlation between different datasets, using such information
to aid in the extraction of features.

3.4. Analysis of the Machine Learning algorithms param-
eters

The IVA-S was trained from scratch with a maximum of 1000
iterations. The Bayesian technique searched the parameter C
from 0.01 to 1, the degree from 1 to 12, the kernel among
linear, polynomial, radial basis, or sigmoid, and the gamma
as scaling or automatic, for 50 distinct combinations.

The partial dependence obtained in this search, for subject
f, is seen in Fig. 4 as an example and Tab. 1 shows the selected
parameters for each subject. This makes it clear that the C and
kernel had higher relevance in the model evaluation, while the
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Fig. 3. Examples of SCVs covariance matrices obtained
through IVA for the DS1 dataset.

other parameters had no relevant impact.
For IVA-LR, penalty L1 was used and we analyzed the

Receiver Operating Characteristic (ROC) curve on label 1. In
this case, we have the Area Under the Curve with 80%, indi-
cating good coverage and no imbalance between the ratio of
true positives and false positives.
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3.5. Results

Tab. 2 shows the accuracy based on 10 simulations by using
IVA with Logistic Regression and SVM, compared with the
literature results (OSSFN [17] and BCS [16]). The IVA-S was
able to find the best results for subjects “a” and “g” with an

Table 1. The chosen SVM’s Bayesian hyper-parameters.
Parameters C Kernel Gamma DegreeSubjects

a 0.514 linear scale 12
b 0.896 linear scale 5
f 0.297 linear scale 12
g 0.935 linear scale 6

Table 2. Performance on the BCI Dataset 1 measured based
on individual, average (Aver.) and standard deviation (SD)
accuracy [%].

Methods OSSFN BCS IVA-LR IVA-SSubjects
a 89.8 78.5 80.0 92.5
b 86.8 77.5 75.0 65.0
f 93.0 92.0 95.0 90.0
g 92.4 87.0 80.0 92.5

Aver.±SD 90.5±5.8 83.8±7.0 82.50± 7.5 85.0±13.4

accuracy of 92.5%, in both cases. For subject “f” the best
result was achieved through the IVA-LR with an accuracy of
95%. Subject “b” was the most difficult to classify, for all
methods, including the literature ones, achieving a maximum
accuracy of 86.8% with the OSSFN method. Several possi-
ble variables could contribute to this lower performance of
subject “b” such as interferences as artifacts or noise; EEG
signals from subject “b” not presenting correlation or not as
strong as the others.

On average, the IVA-S overpasses the second best state-
of-art result and presents a small difference of only 5.5%
compared to the OSSFN algorithm, achieving an average ac-
curacy of 85%. Additionally, our method achieved good re-
sults with the application of a simpler and consolidated ma-
chine learning method, i.e., SVM, where the number of ad-
justed weights is considerably smaller when compared with
the benchmark ones.

4. CONCLUSION

We proposed a method to use IVA to perform feature extrac-
tion for Motor Imagery EEG signals. The model performed
competitively compared with state-of-art methods in the same
dataset, while using classic low-cost machine learning meth-
ods. Our method holds promise in scenarios where structured
data captured by the brain signals are somewhat correlated,
such as in cases where different subjects execute the same
task, as in BCI experiments. To the best of our knowledge,
this is the first time IVA has been used as a feature extrac-
tion method in an EEG dataset for the MI problem. We be-
lieve that IVA has the potential to be even further improved,
bringing more advances to the Multivariate Pattern Analysis
(MVPA) area through a solid source separation step.
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