This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
IEEE TRANSACTIONS ON NEURAL NETWORKS AND LEARNING SYSTEMS

1

Spatio-Spectral Feature Representation for
Motor Imagery Classification Using
Convolutional Neural Networks
Ji-Seon Bang , Min-Ho Lee, Siamac Fazli , Cuntai Guan , Fellow, IEEE,
and Seong-Whan Lee , Fellow, IEEE

Abstract— Convolutional neural networks (CNNs) have
recently been applied to electroencephalogram (EEG)-based
brain–computer interfaces (BCIs). EEG is a noninvasive neuroimaging technique, which can be used to decode user intentions.
Because the feature space of EEG data is highly dimensional
and signal patterns are specific to the subject, appropriate
methods for feature representation are required to enhance
the decoding accuracy of the CNN model. Furthermore, neural
changes exhibit high variability between sessions, subjects within
a single session, and trials within a single subject, resulting in
major issues during the modeling stage. In addition, there are
many subject-dependent factors, such as frequency ranges, time
intervals, and spatial locations at which the signal occurs, which
prevent the derivation of a robust model that can achieve the
parameterization of these factors for a wide range of subjects.
However, previous studies did not attempt to preserve the multivariate structure and dependencies of the feature space. In this
study, we propose a method to generate a spatiospectral feature
representation that can preserve the multivariate information of
EEG data. Specifically, 3-D feature maps were constructed by
combining subject-optimized and subject-independent spectral
filters and by stacking the filtered data into tensors. In addition,
a layer-wise decomposition model was implemented using our
3-D-CNN framework to secure reliable classification results on a
single-trial basis. The average accuracies of the proposed model
were 87.15% (±7.31), 75.85% (±12.80), and 70.37% (±17.09) for
the BCI competition data sets IV_2a, IV_2b, and OpenBMI data,
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respectively. These results are better than those obtained by stateof-the-art techniques, and the decomposition model obtained
the relevance scores for neurophysiologically plausible electrode
channels and frequency domains, confirming the validity of the
proposed approach.
Index Terms— Brain–computer interface (BCI), convolutional neural network (CNN), electroencephalography (EEG),
explainable artificial intelligence (XAI), motor imagery (MI).

I. I NTRODUCTION

B

RAIN–COMPUTER interfaces (BCIs) provide an alternative pathway between humans and external devices
by allowing users to control prostheses using their intentions, which are decoded from brain signals [1]–[5]. Motor
imagery (MI) tasks are among the most commonly used
BCI paradigms. Sensory-motor rhythms (SMRs) [6] can be
modulated when a human mentally simulates a movement
in response to a given cue. As the subject imagines movements of a given body part, the corresponding area of the
brain becomes activated. As a result, this area will experience a desynchronization of the μ-rhythm, an idle-state
rhythm, which is based around 10 Hz. This process is termed
event-related desynchronization (ERD). ERD can be detected
in electroencephalography (EEG) recordings and furthermore
decoded to detect the user’s intent [7], [8]. The processed
signal can then be sent out to control an external device. One
of the main challenges of decoding an EEG signal is the high
variability not only between sessions but also between subjects
within single session and even between trials within the single
subject [9]–[11]. Moreover, frequency ranges, time intervals,
and spatial locations where signal occurs, such as ERD, are
all subject-dependent factors, which prevent the derivation of
a robust model that can parameterize these factors for a wide
range of subjects.
During the process of decoding the EEG signal for the BCI
system, feature extraction is of particular importance. To date,
a large number of studies have aimed to improve the classification performance of MI-based BCIs. Common spatial pattern
(CSP) [12] is a popular algorithm for feature extraction. CSP is
based on the simultaneous diagonalization of two task-related
covariance matrices. A CSP filter minimizes the variance of
the spatially filtered signal of one class while maximizing the
variance of the other class [13]. The following methods are
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extensions of CSP: common spatiospectral pattern (CSSP) [14]
and filter bank common spatial pattern (FBCSP) [15].
As MI has large intersubject and intrasubject variability,
classification performance can be potentially enhanced by
extracting features with subject-specific parameters, such as
frequency bands [16]. However, frequency bands are often
selected manually or heuristically [17], which can lead to poor
classification accuracy.
While some early work was performed in the late
1990s [18], more recently, the application of neural networks (NNs) has significantly increased within the BCI
field [19]–[26]. To date, neural networks with deep architectures as well as and convolutional neural networks (CNNs)
have been proposed for various BCI paradigms. The use
of NNs for MI-based BCIs has been investigated by
Sakhavi et al. [23], Sturm et al. [24], Schirrmeister et al. [25],
and Amin et al. [26], among others. However, to the best
of our knowledge, previous studies did not pay sufficient
attention to preserving the spatial and spectral structure of
the multivariate EEG features, which may reduce the potential of these approaches. For example, Cecotti et al. [19],
Manor et al. [21], Sturm et al. [24], Schirrmeister et al. [25],
and Amin et al. [26] only focused on the time series
of individual EEG channels. Stober et al. [20] and
Bashivan et al. [22] targeted frequency components using
short-time Fourier transform (STFT) and FFT, but when
STFT or FFT is adopted, the temporal information is altered.
Sakhavi et al. [23] applied spatial filtering to EEG time series.
and as a result, the original spatial information is lost.
Here, we propose a method for generating spatiospectral
feature representation and are thereby able to preserve the multivariate information of the EEG signal. To this end, we select
not only a single but a set of frequency bands, which we refer
to as a filter set. After obtaining the filter set, we construct a
3-D, normalized sample covariance matrix (3-D-NSCM) [27]
from the bandpass filtered EEG signal for each frequency band
in the filter set. The 3-D feature representation is created by
stacking multiple spatiospectral feature maps and then used
as input for our 3-D-CNN model. Therefore, the proposed
CNN model is suitable for learning the multivariate features
from the 3-D voxels since dependencies exist between the
dimensionalities [28].
Meanwhile, spatial and spectral information can also be
used in the classification of hyperspectral images (HSI)
[29], [30]. The spatial and spectral similarity can be adopted
as an indicator of the probability to be classified into a
particular class as pixels are likely to belong to the same
class if a clear neighboring relationship with their neighbors
is present. However, this approach is difficult to apply to
biometric signals, such as EEG, as their intervariability and
intravariability are high. To derive a robust model that can
parameterize subject-dependent factors for a wide range of
subjects, we proposed a 3-D voxel shaped spatiospectral
feature representation.
In machine learning, especially in supervised learning settings, it is important to achieve high classification accuracy considering the available data. However, sometimes
the understanding of the decision process of a classifier is

equally important. Until recently, the interpretation of neural
networks has been difficult to achieve because of the inherent
series of nonlinear transformations. Studies have, however,
been conducted to overcome this issue by decomposing
these algorithms [31]. Regarding BCI, the consistency of
the decisions of a classifier should be evaluated based on
neurophysiological knowledge. In this study, we could confirm
the consistency of the proposed method by employing a
modified version of the layerwise-relevance propagation (LRP)
algorithm [31]. By contrast, previous BCI studies that employ
deep neural networks are limited regarding the interpretability
of the models, as the spatiospectral information cannot be
easily recovered by methods that increase the interpretability
of NNs after preprocessing the data [23], [26].
The proposed 3-D-CNN model is visually interpretable in
spatial as well as spectral domains since our feature map
preserves the information of channels as well as frequency
bands. We modified the LRP model for our 3-D-CNN such
that outputs can be fed back to visually represent contributions
of each electrode channel and frequency. The reliability of this
method can easily be verified by comparing the similarity of
relevance scores with neurophysiological ERD patterns [1].
The main contribution of the proposed framework is that
we significantly enhance the decoding accuracy of MI-based
classification with a spatiospectral feature representation that
retains task-related information. In addition, we are able
to obtain an interpretable CNN model, which confirms not
only the neurophysiologic validity of the CNN but also the
reliability of the proposed feature representation.
II. M ETHOD
In this section, the derivation of the feature representation,
which contains informative spatiospectral information from the
EEG signal, was presented. In Section II-A, the filter-set generation is discussed. Meanwhile, in Section II-B, the process
in which the feature representation is obtained from the filter
set is discussed. Afterward, the proposed network model of
decoding the obtained feature representation is described.
Fig. 1 shows the methodology of the proposed framework.
Once the EEG data are obtained, the optimal filter set for
the data can be estimated. Subsequently, the spatiospectral
features are generated for the given filter set. When the
generated feature representation is fed into 3-D-CNN as an
input, the output score, i.e., the decoding performance, can be
devised. To verify the result, the relevance score is calculated
from the output score with the layer-wise decomposition
method. Finally, the relevance score, which indicates the most
essential features, is visualized with the help of a scalp map.
Further details will be explained in the following.
A. Filter-Set Generation
The filter set was generated from a predefined filter bank
that was coupled with a subject-dependent filter optimization.
The EEG signal was segmented between 0.5 and 2.5 s after
the onset of the cue, as indicated in [32] and [33]. Afterward,
S
S
, where X = {xs }s=1
denotes the
the signal D = {(Xs , Ys )}s=1
S
input data, Y = {ys }s=1 denotes the class label of trial s,
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Methodology of the proposed framework with spatiospectral feature representation.

and 1 ≤ s ≤ S, where S denotes the total number of recorded
trials, was collected. Furthermore, xs ∈ IR E×T , where E
and T , respectively, represent the total number of electrode
channels and time length. Ys is the corresponding label of
trial s, for example, in case of left hand versus right hand,
∀ys : ys ∈ {left, right}.
1) Predefined Filter-Bank: A filter bank B = {[4, 8],
[5, 9], . . . , [36, 40]} is predefined from 4 to 40 Hz, and each
individual bandpass filter has a range of 4 Hz and a step
size of 1 Hz. Therefore, the overall range contains the θ ,
μ, and β bands. The 4–40-Hz range was inspired by [33].
As introduced in this article, various configurations of the
filter bank are effective because the information contained
by the EEG signal filtered with different frequency bands
differs. Therefore, setting as many candidate frequency bands
as possible increases the possibility of finding an informative
filter set. In this article, diverse filter banks with a step size
of 1 Hz were adopted as candidates to find a more precise
predefined filter bank and subject-optimized band. From the
candidates, N frequency bands, which are likely to contain
plenty of information when filtered, were selected depending
on the mutual information.
CSP is a spatial filtering method, which was used to measure
the mutual information between individual filters [33]. The
CSP spatial filter is denoted as W and applied to the bandpass
S
. The feature vector F is then
filtered signals Z = {zs }s=1
calculated as follows:
F = log(var(W Z)).

(1)

The mutual information I (Fi , Y) between feature vector Fi
and class label Y is defined as follows:
I (Fi , Y) = H (Y) − H (Y|Fi )

(2)

where Fi denotes the feature vector that was extracted from
the bandpass filter with the i th frequency band from B.
Here, H (Y) and H (Y|Fi ) denote the entropy and conditional
entropy, respectively. The entropy and conditional entropy are
defined as follows:
H (Y) = −

2


p(y) log2 p(y)

(3)

p(y|Fi ) log2 p(y|Fi )

(4)

y=1

H (Y|Fi ) = −

2

y=1

=−

S
2 


p(y|Fi,s ) log2 p(y|Fi,s )

(5)

y=1 s=1

where Fi,s denotes the feature value of the sth trial from Fi .
The probability p(y|Fi,s ) can then be computed with Bayes
rule
p(y|Fi,s ) =

p(Fi,s |y) p(y)
p(Fi,s )

(6)

where p(y|Fi,s ) is the conditional probability of class y given
Fi,s , p(Fi,s |y) is the conditional probability of Fi,s given
class y, p(y) is the prior probability of class y, and p(Fi,s ) is
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defined as follows:
p(Fi,s ) =

2


p(Fi,s |y) p(y).

(7)

y=1

The frequency bands are then sorted according to their mutual
information [see (2)]. Nfb spectral filters with the highest
mutual information are selected as a predefined filter bank.
2) Subject-Dependent Filter Optimization: The subjectdependent filter optimization is derived from the predefined
filter bank that obtained the highest mutual information.
We obtained it by finely tuning the predefined filter bank so
that it allows to detect the detailed bands that cannot be found
from a fixed frequency set.
From predefined filter bank, let us denote the frequency
band with the highest mutual information as [b̄1 , b̄ 1 ]. To find
the filters in decimal units, Gaussian noise is added to the
predefined filter bank that obtained the highest mutual information as follows:

b̂i = b̄1 + σi
(8)
b̂i = b̄1 + σi
where both σ and σ̄ are the diffusion noise, which is normally
distributed with a mean value of 0 and a standard deviation
of 1. Note that σ and σ̄ are different from each other. After
the K th iteration, we obtained K candidate frequency bands.
To these bands, we can apply the mutual information from (2).
After applying mutual information and sorting the bands in
descending order, Nfo bands are selected as subject-dependent
filter optimization.
The final filter set is a combination of Nfb predefined
filter bank and Nfo subject-dependent filter optimization. Thus,
the total number of the filter set is Nfb + Nfo . To construct
the feature representation, the obtained filter set is used for
bandpass filtering.
B. Generation of Spatiospectral Feature Representation
In this process, the spectral information of the data was
obtained by filtering the raw EEG signal with each band of
the filter set and segmenting it between 0.5 and 2.5 s after
the onset of the cue. Each filtered and segmented signal was,
thereafter, normalized by adopting a local-average-reference
function considering electrode Cz as a reference. Finally,
the NSCM was employed to obtain the compressed and
informative spatial features of the signal. NSCM is a variant
of a covariance matrix, which is a measurement of the joint
variability of two random variables, such that it summarizes
the spatial distribution in the spatial and temporal correlation
of the EEG recording. The filtered EEG signal is denoted as
Z ∈ IR E×T , and the NSCM, which is denoted as M, is defined
as follows:
M=

Q
E  (Zeq − Z̄e )(Zt q − Z̄t )
T
σZeq σZtq

(9)

Fig. 2.
Formation of the input voxel which is denoted as G. G is
constructed from the 3-D normalized sample covariance matrix. Each slice
of the NSCM matrices M1 , . . . , M Nfb +Nfo is obtained from filtered signal
Z1 , . . . , Z Nfb +Nfo , where Nfb + Nfo is the size of filter set.

in Z, such that the number of Q is Q = E × T . In addition,
Z̄x and Z̄ y are the mean of the given layer. As a result,
the NSCM is in the form of M ∈ IR E×E with
⎞
⎛
m(1,1) m(1,2) · · · m(1,E)
⎜ m(2,1) m(2,2) · · · m(2,E) ⎟
⎟
⎜
M=⎜ .
(10)
..
.. ⎟
..
⎝ ..
.
.
. ⎠
m(E,1)

m(E,2)

···

m(E,E)

where m denotes each element of the NSCM matrix.
The NSCM matrix is applied to the filtered EEG signal
Z1 , . . . , Z Nfb +Nfo which was obtained from the previous step,
yielding M1 , . . . , M Nfb +Nfo . The NSCM maps, whose number
is Nfb + Nfo , are accumulated up to become the 3-D feature representation for the classifier, which is denoted as G.
As a result, the final feature representation is in the form of
G ∈ IR E×E×(Nfb +Nfo ) with
G = [M1 , M2 , . . . , M Nfb +Nfo ]

(11)

where E denotes the number of electrodes. As the feature
representation includes spatiospectral information, it can be
called a spatiospectral feature representation. Fig. 2 shows
the formation of the feature representation. The input voxel,
which is denoted as G, is constructed from the 3-D normalized
sample covariance. Each slice of G, which is shown as M,
represents a single NSCM. Each of the NSCM matrices is
obtained from the corresponding element of the filtered signal.
The detailed method of how to generate the feature representation can be found in Algorithm 1. Here, the methods
used to generate the filter set to generate the feature representation are described sequentially in the algorithm. Specifically,
the predefined filter bank is obtained from the initial set,
and subject-dependent filter optimization is obtained from the
predefined filter bank, based on the mutual information. The
filter set is generated by combining both predefined filter
bank and subject-dependent filter optimization. The raw EEG
signal is then filtered using the filter set. The final feature
representation is obtained by applying the NSCM matrix to
the filtered signal and then stacking them on the spectral axis.

q=1

with σZeq σZtq = (Zeq − Z̄e ) (Zt q − Z̄t ), e and t are the rows
and columns of the filtered EEG signal Z. Any given cell
which is denoted by q and Q denotes the number of the cells

C. Classification With 3-D-CNN
To decode the feature representation, we designed
a 3-D-CNN network composed of 3-D convolutional layers,
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Algorithm 1 Generation of Feature Representation
Input: A set of training data (X, Y) and N
S , x ∈ IR E×T : a set of single trial EEG signals, where S is the total number of trials with E electrode
• X = {xs }s=1
channels and T time length
S
• Y = {ys }s=1 , ys ∈ {le f t, right} : corresponding class labels
• N f b : number of frequency bands used for predefined filter-bank
• N f o : number of frequency bands used for subject-dependent filter optimization
Output: final three-dimensional feature representation G
Procedures:
* Generate a predefined filter-bank
 Bi = [bi , b i ], B is the initial set of frequency bands
B = {[b1 , b 1 ], [b2 , b 2 ], . . . , [b K , b K ]}
for i = 1 to K do
I (Fi , Y) = H (Y) − H (Y|Fi )
 Fi is a feature vector extracted from X which is filtered with [bi , bi ]
 Refer to Section II-A-Eq. 1, 2
end
  j is the index of the sorted I (Fi , Y) in descending order
 j = sort(I (Fi , Y), ‘descend’)
for k = 1 to N f b do
B̄k ← Bk
 Select N f b
end
B̄ = {[b̄1 , b̄ 1 ], [b̄2 , b̄ 2 ], . . . , [b̄ N f b , b̄ N f b ]}
 B̄i = [b̄i , b̄ i ], B̄ is the predefined filter-bank
* Generate a subject-dependent filter optimization
for i = 1 to K do
b̂i = b̄1 + σi
 Add the Gaussian noise to B̄, Refer to Section II-A-Eq. 8
b̂i = b̄1 + σi
 σ and σ  are random normal distributed diffusion noise
end
B̂ = {[b̂1 , b̂ 1 ], [b̂2 , b̂ 2 ], . . . , [b̂ K , b̂ K ]}
 B̂ is the candidate set of subject-dependent filter optimization
for i = 1 to K do
I (F̂i , Y) = H (Y) − H (Y|F̂i )
 F̂i is a feature vector extracted from X which is filtered with [b̂i , b̂i ]
 Refer to Section II-A-Eq. 1, 2
end
ˆ j = sort(I (F̂i , Y), ‘descend’)
ˆ j is the index of the sorted I (F̂i , Y) in descending order


for k = 1 to N f o do
Bk ← B̂k
 Select N f o
end
B = {[b̂1 , b̂ 1 ], [b̂2 , b̂ 2 ], . . . , [b̂ N f o , b̂ N f o ]}
 Bi = [b̂i , b̂ i ], B is the subject-dependent filter optimization
* Generate feature representation
Nfb
Nfo
, {Bm }m=1
}
F1 , . . . , F N f b +N f o = {{B̄l }l=1
Z=X⊗F
return M from Z
return G from M

 Generate final filter-set F1 , . . . , F N f b +N f o
 Z is filtered signal with F from X, Refer to Section II-A-Eq. 1
 M is NSCM matrices, Refer to Section II-B-Eq. 9, 10
 G is the spatio-spectral feature representation, Refer to Section II-B-Eq. 11

which handle the 3-D spatiospectral feature map. Nonetheless,
2-D convolutional layers may also be applied, considering
the spectral domain as depth or channel, e.g., RGB images.
However, in this case, the information of the EEG signal
filtered with a specific filter set may be lost during feature
map generation. As a result, we used the 3-D convolutional
layers to process the 3-D feature representation in each layer
individually. Moreover, as the accuracy of the classification of
the EEG signal, unlike image classification, is generally higher
when a shallow network is used, we constructed a shallow
network composed of only three layers. The use of a shallow
network can result in high performance and a relatively short
running time required to make the calculations.

The specific description of the network is as follows.
In the first layer, we applied the 3-D convolutional layer that
accepts an E × E × (Nfb + Nfo ) sized input and produces
a (E − Kx + 1) × (E − K y + 1) × (Nfb + Nfo − Kz + 1)
sized feature map, whose dimension is 50. Kx , K y , and
Kz are the size of the kernel, which is set to 3, 3, and 3,
respectively. The next convolutional layer reduces the feature
map to 1 × 1 × 1. The dimension is set to 100. All individual
features are concatenated and fed to the fully connected layer
for classification. For all 3-D convolutional layers, bias is
added. Rectified linear unit (Relu) [34] is used as the activation
function and an Adam optimizer [35] is employed to optimize
the cost. Also, dropout [36] layers are adopted between each
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layer with a probability of 80%. The network is trained by
using the full-batch settings, meaning that the batch size is
equal to the size of test set. The learning rate is set to 10−4 ,
and the decoding accuracy was determined when the number
of training epochs reached 500.
III. DATA D ESCRIPTION AND P ERFORMANCE E VALUATION
In this study, we made use of publicly available BCI
Competition IV_2a, BCI Competition IV_2b, and OpenBMI
to evaluate the performance of the proposed method [37], [38].
A. BCI Competition IV_2a, IV_2b, and OpenBMI
The BCI Competition IV_2a data contain EEG data from
nine subjects (A01–A09). There exist 22 EEG channels
(Fz, FC-3/1/z/2/4, C-5/3/1/z/2/4/6, CP-3/1/z/2/4, P-1/z/2, and
POz) in the data. The data set was collected from four different
MI tasks that are left hand, right hand, feet, and tongue. The
EEG data were sampled at 250 Hz, bandpass filtered between
0.5 and 100 Hz, and a 50-Hz notch filter was applied to
suppress line noise. Two sessions were provided for training
and test set each.
The BCI Competition IV_2b data contain EEG data from
nine subjects (B01–B09). There exist three EEG channels
(C-3/z/4) in the data. The data set was collected from two different MI tasks that are left hand and right hand. The EEG data
were sampled at 250 Hz, bandpass filtered between 0.5 and
100 Hz, and a 50-Hz notch filter was applied to suppress line
noise. Three sessions are provided for the training and two
sessions are provided for the evaluation.
The OpenBMI data contain EEG data from 54 subjects
(s1–s54). From the data, session 1 was used for the evaluation.
Twenty EEG channels (FC-5/3/1/2/4/6, C-5/3/1/z/2/4/6, and
CP-5/3/1/z/2/4/6) in the motor cortex region were selected
from total 62 channels for the MI task following the corresponding article [38]. The data set was collected from two
different MI tasks that are left hand and right hand. The
EEG data were sampled at 1000 Hz.
To evaluate with BCI Competition IV_2a data, the results
from six task sets, left-hand versus right-hand, left-hand versus
feet, left-hand versus tongue, right-hand versus feet, right-hand
versus tongue, and feet versus tongue, are presented, which
are expressed in abbreviated form as L/R, L/F, L/T, R/F, R/T,
and F/T, respectively. Both average values across all subjects
and across all tasks are presented. The p-values are calculated
with the average value across all tasks based on the result
of the proposed method. To evaluate with BCI Competition
IV_2b and OpenBMI data, the average values of the provided
binary task are presented. Note that both IV_2b competition
and OpenBMI data consist of a binary task only. Paired t-tests
with the null hypothesis of equal means are employed to find
out whether the proposed method outperforms a given baseline
method significantly.

adopted for the classification of all linear methods [39], [40].
Note that FBCSP is known to be among the best-performing
linear algorithms for the BCI competition IV_2a data and
also won BCI competition IV [37]. All linear methods we
adopted are either CSP itself or CSP-based methods. The
number of spatial filters was chosen to be four, i.e. two filters
per class [33]. All linear-based baseline methods were implemented in MATLAB (Mathworks, USA) with the OpenBMI
toolbox [38].
We also compared our method with a number of recently
proposed nonlinear methods, namely a DNN model [24], and
multiple CNN models, such as ShallowConvNet [25] as well
as a CNN multilevel feature fusion model [26]. The networks
were implemented in Python with TensorFlow.
C. Experimental Settings for Evaluation
The preprocessing methods are described as follows.
Here, 2 s of data between 0.5 and 2.5 s after the onset
of the cue were used for evaluation. Continuous EEG data
were segmented between the given temporal range [32], [33].
It was applied in the same manner to all the baseline
methods, including the proposed method and all data sets:
BCI Competition IV_2a, IV_2b, and OpenBMI data. For the
linear methods, the frequency range for bandpass filtering
was 8–12 Hz, i.e., called μ band, because this band is known to
demonstrate the strongest ERD during motor imagery. For the
nonlinear methods, we followed the same preprocessing steps
and hyperparameter estimation procedures that were given in
the corresponding articles, e.g., for ShallowConvNet, we used
0–38 filtered signals, which has been reported to produce the
highest accuracy. For all the nonlinear methods, the learning
rate was set to 10−4 , and a full-batch setting was adopted. The
final decoding accuracy was determined when the number of
training epochs reached 500.
IV. V ISUALIZATION FOR I NTERPRETABILITY
To validate the proposed feature representation, we based
on neurophysiological knowledge adopted LRP, which was
adapted into a 3-D domain to be used with the 3-D-CNN
model. With LRP, a visual interpretation of the classification
decision could be generated for every single trial by decomposing the classification output into sums of feature and pixel
relevance scores, which were obtained from the input data.
We assume that the classification output from 3-D-CNN is
j
prediction score f (m), where {M1 } Pj=1 ∈ IR E×E×N is input.
The backpropagation model decomposes the classification
output f (m) into sums of feature relevance scores Rd for all
trials of input feature.
To calculate the relevance score from the decomposed
classification output, the backpropagation is performed from
the output to input layer in the neural network
= relu
ml+1
b

B. Baseline Methods
For linear methods, CSP [12], CSSP [14], and FBCSP [15]
were employed for the feature extraction process. LDA was



, vab = mla wl,l+1
vab + ul+1
ab
b

(12)

a

where mla is the input at layer l, ml+1
is the output, wab is
b
the weight of the connection between ma and mb , and ub is
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a bias term. The mapping from one layer to the next is
projected by r elu, which is defined as relu(t) = max(0, t).
Starting with f (m), the local decomposition rule is applied
layer by layer so that each layer shares the relevance score of
the upper layer Rbl+1 with all components a of the connected
lower layer l. Each component of the l layers receives a
relevance score R la that is based on its contribution
 vab
R la =
R l+1
(13)
b .
a  va  b
b

After classification with the 3-D-CNN, an output score
is obtained. With this output score, the relevance score is
decomposed from the output to the input layer, by backpropagating through the network. The final set of relevance
scores, R1 , is obtained from the first layer for each trial. Thus,
the relevance score of the f th frequency band can be denoted
1
1
1 (E,E, f ) .
as R f = R(1,1,
f ) , . . . , R(E,E, f ) or R f = {Rk }k=1
Finally, the heatmap can be denoted as H. It can be
represented by diagonalizing the set of values of R1 as H f =
1
1
1
[R(1,1,
f ) , R(2,2, f ) , . . . , R(E,E, f ) ]. The obtained heatmap is
then used for plotting the topography of the brain by mapping
the location of each EEG channel.
We visualized the proposed feature representation by creating scalp map topographies and box plots of average relevance
scores based on left-hand versus right-hand imagery from the
BCI Competition IV_2a data set. Two subject’s data are plotted
individually, namely A08 and A02, which showed the highest and lowest decoding accuracy, respectively. In addition,
the grand average of all nine subjects is shown. In addition,
scalp maps showing signed-r 2-values are presented, for visual
comparison. The r -value is a univariate estimate of the statistical point-wise separability between two classes and the
signed-r 2-value is defined as: sign-r2 (x) := sign(x)·r (x)2 . The
topographical scalp maps containing signed-r 2-values give a
measure of how strongly a feature influences the classification
when a subject performs an EEG task such as MI. In other
words, it is the correlation between the features of the EEG
signal and the task labels [41]. The scalp topography of
relevance scores is obtained by averaging the individual scores
from all trials in the test set.
In order to determine whether the relevance scores of the
two hemispheres were distinct, box plots were generated
according to Tangwiriyasakul et al. [42]. In particular, relevance scores of motor-related EEG channels were averaged
for each hemisphere and class separately and resulting values
compared within the box plot. Channel configurations of
right and left hemisphere are {FC2, FC4, C2, C4, C6, CP2,
CP4} and {FC3, FC1, C5, C3, C1 CP3, CP1}, respectively.
Small subboxes represent the cortical areas used for averaging.
Bonferroni corrected one-way ANOVA tests are employed to
detect whether there are any significant differences between
relevance scores of left- and right-hand imagery.
V. R ESULTS
To verify the proposed method, we compared the classification performance of our model with that of previous linear
and nonlinear methods. The performance was obtained by
performing tenfold cross validation.
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A. Comparison With Baseline Methods
Table I shows the classification accuracy for the BCI Competition IV_2a data. Results of the proposed method as well
as for all considered baseline methods are shown for each
subject and binary combination. The mean accuracy across
subjects of the baseline methods were 74.90% (±13.16),
77.12% (±12.17), 84.13% (±9.43), 76.05% (±12.26), 80.30%
(±2.97), and 83.18% (±5.22) for CSP [12], CSSP [14],
FBCSP [15], Sturm et al. [24], Schirrmeister et al. [25],
and Amin et al. [26], respectively. The mean accuracy of
the proposed method was 87.15% (±7.31) across subjects.
This value is significantly higher than all considered baseline
methods ( p < 0.05) when performing a paired t-test with
the null hypothesis of equal means. In addition, the proposed
method was able to outperform all baselines methods for all
binary combinations.
Table II shows the decoding accuracy of the proposed
and baseline methods across all subjects in the BCI Competition IV_2b. The mean accuracy of the baseline methods
was 67.16% (±11.16), 71.00% (±10.95), 72.61% (±11.05),
66.71% (±12.92), 74.37% (±11.20), and 73.38% (±10.14)
for CSP [12], CSSP [14], FBCSP [15], Sturm et al. [24],
Schirrmeister et al. [25], and Amin et al. [26], respectively. The performance of our proposed method was 75.85%
(±12.80). The proposed method’s performance is significantly
higher than competing methods ( p < 0.05), except [25]
and [26].
Table III shows the decoding accuracy of the tested methods,
considering the OpenBMI data. The mean accuracy of the
baseline methods was 61.59% (±14.10), 62.67% (±15.04),
67.78% (±18.04), 63.65% (±13.97), 61.96% (±11.62), and
57.93% (±11.41) for CSP, CSSP, FBCSP, Sturm et al. [24],
Schirrmeister et al. [25], and Amin et al. [26], respectively.
Meanwhile, the accuracy of the proposed method was 70.37%
(±17.09), indicating that its performance was higher than that
of the competing methods, especially those whose p-value
was lower than 0.05 ( p < 0.05). Furthermore, the accuracy of
each method was obtained without performing cross validation
following the procedures reported in [38].
B. Effect of the Number of Spectral Filters on Decoding
Accuracy
The purpose of this analysis is to investigate how decoding
accuracy changes while increasing the number of temporal
filters. Fig. 3 shows the relation of decoding accuracy with
respect to the number of spectral filters. The number of
spectral filters is given on the x-axis, while decoding accuracy
is depicted on the y-axis. The decoding accuracy is obtained
from the left-hand versus right-hand binary classification
task (BCI Competition IV_2a). 10-fold cross-validation was
performed.
The sole bandpass filter for CSP was chosen to be
8–12 Hz with two pairs of CSP filters. For FBCSP (black line)
as well as our proposed method, the same filter banks were
used. For FBCSP, Nfs × 2 pairs of CSP features were used
where Nfs indicates the number of spectral filters. Our results
indicate that the performance of FBCSP initially increases, but
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TABLE I
C OMPARISON OF THE BASELINE AND P ROPOSED M ETHODS U SING THE BCI C OMPETITION IV_2 A D ATA

not decrease performance. Since the performance converges
around 25, we set the value of Nfb + Nfo to be 25.
C. Comparison of Running Time
The running times required to execute all computations were
obtained for the proposed and baseline methods considering
the BCI Competition IV_2a data, as shown in Table IV. The
experiments were conducted using Tensorflow on an Intel
4.20 GHz Core i7 7700K PC with 64 GB of RAM and one
NVIDIA TITAN V GPU. We conducted this experiment in an
environment with a learning rate of 10−3 and 100 iterations.
The results, which were rounded off to the third decimal
place, were obtained based on a single fold of a tenfold
cross validation, and preprocessing steps were not considered.
These results, however, are highly dependent on the computing
environment. In addition, linear methods were trained on a single CPU, whereas nonlinear methods, including the proposed
method, were trained on a GPU.
Fig. 3. Decoding accuracy with respect to the number of spectral filters.
The x-axis represents the number of spectral filters and the y-axis represents
the corresponding decoding accuracy. The decoding accuracy is obtained
from the left-hand versus right-hand binary classification task (BCI Competition IV_2a). The results of the proposed method, FBCSP, and CSP are
presented as red, black, and blue lines, respectively. In the figure, multiples
of 4 for the spectral filters are highlighted.

after the certain number of filters is reached, the performance
starts to degrade. The results for our CNN model indicate that
increasing the number of filters and thereby parameters does

D. Neurophysiological Validation and CNN Interpretability
In Fig. 4, the topography of the signed-r 2-values (a),
the topography of the relevance score (b), and the corresponding box plot (c) are displayed. Average relevance scores
from fused electrode channels within the motor cortex area of
left hemisphere and right hemisphere are shown in box plots.
p-values indicate significance levels for differences between
relevance scores of left and right hemispheres.
The signed-r 2-value scalp maps show results that are
expected in terms of prior neurophysiological knowledge.
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TABLE II
C OMPARISON OF THE BASELINE AND P ROPOSED M ETHODS U SING THE BCI C OMPETITION IV_2 B D ATA

Fig. 4. (a) Topography of the signed-r 2 -values, (b) topography of the relevance score, and (c) corresponding box plot for two subjects, A08 and A02,
and the grand average. The bounding boxes on the topographies are plotted over the motor cortex area. Relevance scores are averaged across corresponding
electrode channels within the bounding boxes, and each trial is plotted in the box plot. The subboxes indicate the left hemisphere during left-hand MI, the right
hemisphere during left-hand MI, the left hemisphere during right-hand MI, and the right hemisphere during right-hand MI. The value of the whisker was set
to 1. The outliers are presented using red “+” marks. p-values smaller than 0.001 ( p < 0.001) are indicated by three asterisks (***).

TABLE III

TABLE IV

C OMPARISON OF THE BASELINE AND P ROPOSED
M ETHODS U SING THE O PEN BMI D ATA

C OMPARISON OF THE RUNNING T IME FOR D IFFERENT M ETHODS

Areas of highest discriminability are located over motor cortical areas for subject A08 as well as for the grand average.
The worst performing subject (A02) does not show a clear
pattern and exhibits low r 2 -values. Relevance scores of subject A08 as well as the grand average show the highest values
(in absolute terms) for motor cortical areas, while the highest
relevance scores for subject A02 are more scattered and do not
show a clear neurophysiological pattern. Differences between
relevance scores of the left and right hemispheres are highly
significant ( p < 0.001) for left MI as well as right MI for
subject A08. For subject A02, differences in relevance scores

are highly significant ( p < 0.001) for right MI, but not for
left MI. For the grand average, right MI shows a significant difference between hemispheres in terms of relevance
score.
VI. D ISCUSSION AND C ONCLUSION
To construct the spatiospectral feature representation,
we calculated NSCMs for each member of the filter set
and concatenated them into a 3-D structure. While the size
of a single NSCM is fixed (E × E), the number of spectral filters (Nfb + Nfo ) is adjustable. For this reason, we
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conducted experiments to verify whether the number of filters
we use is adequate, as presented in Fig. 3. The filter set is
composed of predefined as well as subject-dependent filters.
We decided to include predefined filters with a ratio of 3:1,
compared to the subject-dependent ones. The reason is that
predefined filters contain prior neurophysiological knowledge,
while subject-dependent filters are finely tuned to the specific
subject.
Finding the optimal spectral filter is one of the challenging
issues in BCI research. Earlier approaches have focused on
creating a diverse filter set, rather than focusing only on a
single frequency range, e.g., the μ-band [15], [33], [43]. This
idea has proved its effectiveness, by winning BCI competitions. However, methods such as FBCSP need to estimate the
optimal number of spectral filters, which is commonly done
by heuristics. As shown in Fig. 3, the decoding accuracy of
FBCSP decays, as the number of filters keeps growing. Please
note that, for our model, the accuracy is conserved regardless
of the filter-set size. As a result, we conclude that our CNN
model learns task-related features properly.
Table I shows that, for BCI Competition IV_2a data,
the decoding accuracy of our proposed method is significantly higher compared with other state-of-the-art methodologies. Similarly, for the BCI Competition IV_2b data set,
our method outperforms; however, improvements are not
significant when compared to Schirrmeister et al. [25] and
Amin et al. [26], as presented in Table II. For these data,
only three electrode channels are available, and therefore, it is
challenging to estimate the spatiospectral dependencies that
our model depends on, even if we adopt NSCM to construct
the feature representation. Nevertheless, the performance of
the proposed method still outperforms. When compared with
large data set named OpenBMI [38], which include EEG
signal from 54 subjects, the proposed method also outperformed compared to considered methods, as presented in
Table III.
Table IV shows the running time of the proposed and
baseline methods. In the nonlinear method, there is a tradeoff
between the learning rate and the number of iterations. To converge at the local minima, the number of iterations should be
increased if the learning rate is small (and vice-versa). As the
running time varies depending on the number of iterations,
we verified whether the running time of the proposed model
could be reduced such that it can be practically extended
to online BCI by reducing the number of iterations and
increasing the learning rate. Therefore, we set the learning rate
to 10−3 and the number of iterations to 100. The corresponding
decoding accuracies were 76.82, 79.99, 79.84, and 86.96 for
Sturm et al. [24], Schirrmeister et al. [25], Amin et al. [26],
and proposed methods, respectively. These results indicate
that despite the changes, a similar level of performance was
obtained compared with that of the original method, and the
running time was sufficient to enable online BCI. In addition,
further reduction of the running time is possible by applying
pretraining and early stopping methods.
Meanwhile, preserving the multivariate structure and dependencies of the EEG data has not been sufficiently addressed by
earlier CNN-based approaches for BCI data. By conserving the

spatiospectral relationship of the EEG data, our model enabled
us to not only outperform earlier approaches but also to
visualize the classification output in terms of relevance scores
and thereby verify whether our CNN model is sensible in terms
of neurophysiology within spatial as well as spectral domains.
In addition, it gives an intuitive understanding, whether the
classification decisions of our CNN model are trustworthy,
as presented in Fig. 4. Since the visualization indicates the
highest scores in relevant cortical areas, namely the motor
cortex areas of the left and right hemisphere, it not only shows
that feature representations are adequately learned by our
3-D-CNN model but also confirms the validity of our approach
in general.
In this study, a novel feature representation for CNNs is proposed, which retains structural dependencies of the task-related
information of SMR-based BCI data. The results verify that
this feature representation is beneficial for two reasons. First,
when compared to competing state-of-the-art techniques, its
performance is significantly improved across subjects and
tasks. Second, an analysis of the network reveals that reliable
and more importantly neurophysiologically plausible features
are learned by the CNN.
The proposed feature presentation is applicable to many
other research areas, where conserving the dependencies of
spatiospectral data of task-related information is important.
In particular, our methodology could be applied to tasks, such
as epileptic seizure detection [44], drowsiness detection [45],
sedation detection [46], and multimodal neuroimaging [47],
[48] among others.
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