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Abstract. In the present article the author addresses the task of classification of
motor imagery in EEG signals by proposing innovative architecture of neural net-
work. Despite all the successes of deep learning, neural networks of significant
depth could not ensure better performance compared to shallow architectures.
The approach presented in the article employs this idea, making use of yet shal-
lower, but productive architecture. The main idea of the proposed architecture is
based on three points: full-dimension-long ‘valid’ convolutions, dense connec-
tions - combination of layer’s input and output and layer reuse. Another aspect
addressed in the paper is related to interpretable machine learning. Interpretability
is extremely important in medicine, where decisions must be taken on the basis
of solid arguments and clear reasons. Being shallow, the architecture could be
used for feature selection by interpreting the layers’ weights, which allows under-
standing of the knowledge about the data cumulated in the network’s layers. The
approach, based on a fuzzy measure, allows using Choquet integral to aggregate
the knowledge generated in the layer weights and understanding which features
(EEG electrodes) provide the most essential information. The approach allows
lowering feature number from 64 to 14 with an insignificant drop of accuracy
(less than a percentage point).

Keywords: Motor imagery - Feature selection - Convolutional neural network -
Reusable convolutions

1 Introduction

While analyzing EEG signals, researchers discovered an effect appearing when an exam-
ined person was imaging hand movements without even actually performing them [7].
The effect was called motor imagery and attracted serious attention of researchers. Fur-
ther research revealed, that one of the fields, where motor imagery could be used in
therapy purposes, was post-stroke rehabilitation, helping patients to recover faster [2, 4].
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Another field, where motor imagery presents interest, is brain computer interface
(BCI): it could potentially become a source of control signals for brain computer inter-
faces, able to help severely disabled people in communication and rehabilitation [14].

The author of the present research proposes a novel model which can solve the task
of subject-independent classification with a high level of accuracy.

The structure of the model also allows to interpret the contribution of each EEG
electrode, thus performing feature selection and ensuring interpretability of the model.
The proposed method of feature selection allows to significantly decrease the number
of electrodes: down to 14 from 64 electrodes by the cost of slightly lower accuracy (less
than a percentage point). The method of network interpretation based on fuzzy integral
calculation is also proposed, so it does not simply compute the weighed sum of all filters,
but takes into account their interactions, expressed by the language of set theory.

2 Related Work

Recent years have brought rapid development of machine learning, and, more specifi-
cally, its subset - deep learning. Motor imagery classification is no exception and many
studies involving deep models have appeared. Various types of deep learning models
were tested: deep feed forward networks with dense layers, using separate feature extrac-
tion techniques [3], convolutional neural networks, ensuring feature extraction without
standalone feature extraction methods [16], recurrent neural network, addressing the
sequent nature of EEG signals [17].

Despite all the successes of deep learning models, shallow models have proven to
be more effective for EEG signal processing [16], so the proposed model is shallow as
well.

One of the advantages, that convolution layers provide lies in the fact, that they
do not require feature extraction methods, since feature extraction is performed by the
convolutional layers themselves. This approach is called end-to-end processing. Its main
advantage is no need of feature extraction, filtering and other kinds of preprocessing
[18, 19].

As for feature selection, researchers present various approaches to feature selection in
EEG signals: Fisher ranking methods [9], the approaches based on differential evolution
[1]. The authors of [12] proposed the method of feature selection based on application
of convolutional network filter weights, but no fuzzy measure was introduced, so the
weights were simply averaged. Another novelty of the architecture in question is the
method of its interpretation and feature selection by means of fuzzy aggregation.

3 Materials and Methods

3.1 Dataset Description

In order to test the performance of the proposed architecture one of the largest publicly
available motor imagery signal datasets was used [15]. The dataset contains the samples
of EEG signals of 109 volunteers. The recordings were gathered in accordance with 64
electrode 10-10 montage standard. The sampling frequency was equal to 160 Hz.
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The present research is focused on developing an architecture allowing to distinguish
between two types of motor imagery: imaging left- or right-hand movement. Similarly
to the research [5], signals of 4 persons were rejected due to the fact that they contained
steady state signal in many motor imagery cues [20]. Each of 105 participants provided
21 observations of each type of motor imagery, which in total gave 4410 observations.

3.2 Proposed Architecture Description

The main idea of the proposed architecture is based on three main points:

o full length ‘valid’ convolutions,
e reusable layers,
e dense layer connections, i.e. combining input and output of the layer.

Convolutional networks used in image processing have comparatively small filters
[6]. As for EEG, this approach proves to be insufficient, so researchers choose longer
filters [5, 16, 20]. After preliminary tests it was discovered that introducing longer
convolution filters leads to higher accuracy. The present research goes even further and
makes use of factorized convolutions analyzing the whole correspondent dimensions.

Figure 1 presents the idea of full length valid convolutions.

h - sample number W
w - electrode number
Input size: 7 xw x1

Spatial conv
[ W filters of
'r__llll size w x 1

Dimension flip:

1XWXh o Output:

}‘ xwxl .
w feature maps
of size hx1

Temporal conv
# filters of size
hxl

Dimension flip:
h X1 xw—
hxwxl1

T

Output:

h feature maps

of size wx1 Concatenation of
input and output into
one tensor

Fig. 1. Full length convolution block with concatenation of input and output

One of the key ideas of the research was to introduce a block consisting of two
sequent convolution layers: spatial and temporal convolutions having the same length
as the corresponding input’s dimension. In order to obtain the output of the same shape
as the input the following filters are applied to the i-by-w-by-1 input:

e w filters of shape w-by-1, which are applied in order to extract spatial features,
e [ filters of shape h-by-1, being trained to capture the temporal features.
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As the result of ‘valid’ application of the first (spatial) convolution to a h-by-w-by-1
input, an h-by-1-by-w tensor is obtained. In order to obtain a tensor with shapes A-by-w-
by-1, a dimension flip is carried out. The output is fed to the temporal convolution layer.
The result of the temporal convolution is also flipped back to shapes A-by-w-by-1. An
output tensor of extracted features is concatenated with the input tensor.

Another solution based on repeated use of full-dimension convolution block was
introduced. This approach was first presented in [10]. In order to make repeated appli-
cation of the convolution block possible, a compressing 1-by-1 convolution (denoted as
(1) in Fig. 2) is applied.
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Fig. 2. Complete diagram of the proposed architecture

3.3 Computing Complexity Analysis

The filters are usually separated into temporal and spatial components [5, 16]. This
approach employs two subsequent filters of shapes n-by-1 and 1-by-m instead of one
n-by-m filter.

In the present research the filters are factorized but their length equals to the corre-
sponding dimension. Due to high a number of parameters in every layer it may seem that
the computational cost of the proposed architecture is inappropriately high. Actually,
this is not the case, due to the fact, that the ‘valid’ convolution rule is used.

Firstly, a conventional approach will be analyzed. Let the layer input be denoted as
I and its size be h-by-w-by-d.

Let the considered convolutional layer have k filters of size n-by-1 and 1-by-m.

Many packages implementing convolutional models employ cross-correlation func-
tion instead of convolution [6]. Discrete cross correlation of multichannel input (/) and
convolutional filter (f) for the output pixel (7, j) of the output feature map can be expressed
as follows:

n—1 m—1 d
I *f)ij= Z,,:o Zq:o Zzzl Iipjigz Jirrgerz +b 1)

Where b is the filter’s bias and I* denotes the input padded with zeros in order to
implement ‘same’ rule convolution, i.e. to ensure the output shapes equal to the input
shapes.
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From formula (1) the number of operations per output pixel (V. 2P ) can be obtained
in the following way:

Nroa[;nezz'n'm'd ()

In the case if factorized convolutions are used, (2) can be written as for temporal and
spatial convolutions in the following way:

NOime _ 5 p.d 3)

Nime™ " =2-m -k “4)

Where k is the number of filters, and thus, the depth of the output of both layers.
Taking into consideration the fact that the output shape is equal to the input shape,
one can obtain the total number of operations per one input tensor (N2/4/):

Nt = (N§hd™ 4+ Nl ) w42 Nt )

same same

same

Ntoral _ (N%;time i fo,,;smce) hew-k+2-h-w-k
_ (Nso;)n;time +N50£;espace + 2) hew -k

Where N2 is the number of the activation function application, which is equal to
the output shape. The activation is applied twice: for the spatial and temporal convolution.

As for the proposed method, the number of operations per output pixel is expressed
in the following way:

—I‘
Nowia - =2-h (6)

op—space

Nyatia =2-w )

The depth of the input is guaranteed to be equal to 1 by the application of 1-by-1

convolutional layer with 1 filter, so the depth is not presented in (6), (7) and (8). The
total number of operations for the proposed method is expressed as follows:

total __ op—time op—space act
Nalid_(N + Noaia )'h'W+2‘Na1id

Vi valid Vi

total __ op—time op—space
Nvalid_(Nvalid +Nvalid )hw+2hw

_ op—time op—space
- (Nvalid + Nyaiia + 2) “hew ®)

In order to compare the complexities, divide (5) by (8):

N/otal (N?é)rr;tlme+N$rr;space+2> ko Qond+2-mok+2) -k
total = op—time op—space =
N valid N valid +N valid +2 h+tw+2

9)
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On the basis of [5] it was assumed that d = 1 and the ‘valid’ rule for the spatial
convolution, decreased its output size by w times (due to the fact that the spatial filter
has the size of 1-by-w). We thus obtain the following:

o (20n 414 2k

same — (10)

Niotal 2-h+2-w+2

Using values from [5] in (10) for comparison one can obtain:

Nl (230 4 14 20450+1) 40 5640

same

ol 2480 +2-64+2 1090

~ 5.17

Being approximately 5 times faster (per one repeat), the proposed convolution block
can be used repeatedly without causing increase of computational load compared to
conventional convolutional layers.

3.4 Regularization and Data Augmentation

The overall number of observations in the dataset is equal to 4410, which is not very
high for a convolution network, prone to overfitting in the case of a small dataset [6].
For data augmentation and overcoming overfitting, two measures were taken:

e adding normally distributed noise to the input and intermediate feature maps,
e randomly shifting the start of the analyzed signal segment, presented in Fig. 3. The
shift value was generated uniformly from [—m_shift, m_shift].

Stimulus Analyzed window
-160 160 320 480
| | t - | samples

i |"; | |

[-m_shift, m_ shift]

Fig. 3. Data augmentation by means of window random shift

3.5 Interpretation of Feature Maps

Being shallow, the network does not behave as a black box. The fact, that the spatial filters
cover the whole electrode set means, that every weight in a spatial filter corresponds to
the importance, the specific electrode has in the output of the filter.

Only the feature maps computed for the net input were analyzed, as they contain
the information that was obtained directly from the input EEG signal, thus reflecting the
electrode importance directly. Figure 4 shows the output of spatial convolution layer.
The columns of the output tensor correspond to the output of the spatial convolution
filter.
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Fig. 4. Output of spatial convolution layer

Correlation map

Feature SImpmm
o i ——
|
u
: O

Max correlation coefficient

Fig. 5. Obtaining correlation map from feature maps

The coefficients of Pearson correlation between the elements of the feature map and
class predictions were chosen to be fuzzy measures of the filters’ relevance (Fig. 5). It
can be thought of as the measure of consistent behavior of a filter, i.e. that it generates
lower values for class 0 and higher values for class 1, or vice versa. Maximal absolute
correlation coefficients were considered, since for assessing filters’ relevance it was not
the sign of correlation coefficient, what was important, but the strength of correlation.

The obtained maximal values of filter correlation coefficients {C,,},n =1, 2, ..., can
be thought of as the values of fuzzy measure over the set of convolutional filters [13].

After obtaining {C,,}, being the fuzzy measures of the filters’ importance, aggregation
of the electrode weights can be performed by application of Choquet integral [13]:

w(e) =Y [wile) = wiri(e)] - g4 (11

where:
w(e;) - aggregated weight of the j-th electrode;
wi(e;) - weight of the j-th electrode in the i-th filter, the
weights have to be arranged to produce nonincreasing sequence [13];
g(A;) - fuzzy measure of subset of first i weights w; (ej).
The values of g(A;) for j-th electrode, can be obtained by the following formula:

c, i=1

g(A) = ~ -
T le@Aimn + ¢ A hg@i) - Ci >

(12)

Coefficient A describing the interaction can be obtained by following formula [13]:

tha =[] 0+ (13)

Thus, in order to find the value of A, the roots of the m-degree polynomial have
to be found. For the considered case, the degree of polynomial is equal to 64, so direct
computing of polynomial roots is too computationally expensive and even not reasonable,
as only one root is needed. The root was obtained by Newton-Raphson method.
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4 Experiment

4.1 Experiment Procedure

5-fold cross-validation procedure was applied to assess the performance of the model.
Repeat number needed for stable result was found on the basis of partial mean
accuracy:

art i
Accd = Z/:l Acc; (14)
where Acc; is the cross validation accuracy, obtained in j-th repetition. Number of repe-
titions was set to 30. Further sections present the effect of selected hyperparameters on

accuracy. Differences between separate results presented in the chapter are not high, but
fine tuning of hyperparameters allows improving accuracy from 82.33% to 83.26%.

4.2 Activation Function Influence

Several activation functions were examined. The results are presented in Table 1.

Table 1. Accuracies obtained for various activation functions

Activation function | Mean (acc), %

relu 82.33
selu 82.93
tanh 83.06

Interestingly, the best performance was obtained with the use of the tanh activation
function, so it was used for further experiments.
4.3 Reuse Number Influence
Table 2 contains the values of parameters and accuracies achieved for various reuse

numbers.

Table 2. Comparison of accuracy values obtained for various number of repeated convolution
block application

Reuse number | Mean (acc), %
1 0.8306
2 0.8326
3 0.8315
4 0.8307
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The application convolution block repeated twice allows to improve the accuracy by
0.21 percentage point, further increase of repeat number leads to lower accuracy, so the
repeat number equal to 2 was chosen for further experiments.

4.4 Dense Connection Influence

In order to investigate the influence of dense connections on the accuracy, the experiment
with the network without dense connections was conducted. Table 3 contains the results
achieved for the architecture without use of dense connection.

Table 3. Accuracy obtained for the architecture without dense connections.

Dense connection | Mean (acc), %
No 83.08
Yes 83.26

4.5 Influence of Multiple Block Application

The tests of deeper architecture were conducted. The deeper architecture was made
of sequentially repeated convolutional blocks presented in Sect. 3.2. The results are
presented in Table 4.

Table 4. Accuracy obtained for the architectures with various numbers of convolutional blocks.

Conv. block number | Mean (acc), %

1 83.26
2 83.05
3 82.95

5 Feature Selection by Analysis of Activation Maps

The method presented in the Sect. 3.5 allows to explain and interpret the weights of
spatial convolutions. It also allows to find the most relevant electrodes, thus permitting
to perform feature selection. The experiment was conducted in the following way:

1. the network was trained with the training dataset;
2. the procedure of feature selection described in Sect. 3.5 was performed;
3. the training set was modified, only selected electrodes were used;
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4. anew model was created and trained on the modified dataset;

5. the performance of the trained model was assessed by applying the test dataset
modified in a way similar to the training dataset: only selected electrodes were taken
into account.

The procedure was conducted three times (runs): selecting 14, 32 and 48 electrodes.
Every run included 30 repetitions. The set of weights, associated with correspondent
electrodes was obtained in each repetition. The sets were averaged. Figure 6 presents
the heatmaps of the electrode weights obtained with the proposed method. The weights
were mapped to 2D structure in accordance with 10-10 EEG montage system.

PP
B iy o

Fig. 6. Heatmaps of the electrode weights obtained in three runs. Top: all electrodes shown.
Bottom: only selected electrodes (with first 14, 32, 48 highest weights) shown.

0.25

0.00

Accuracies obtained for each number of electrodes are presented in Table 5. The
proposed procedure of feature selection allows obtaining similarly high results (less
than a percentage point difference) for the limited electrode set.

Table 5. Accuracy for various numbers of selected features.

Selected electrode number | Mean (acc), %
14 82.34

32 82.9

48 83.16

64 83.26

6 Discussion and Conclusion

The paper presents the novel architecture of convolutional neural networks, dedicated
to classification of motor imagery in EEG signals. The architecture combines the ideas
proved to be promising in the areas outside neuroscience, e.g.: convolutional filter reuse
and dense connections. The present paper presents the first example of application of



Convolutional Neural Networks 89

reusable filters for classifying motor imagery. The positive influence of this approach
was shown in the Sect. 4.3.

Dense connections proved to be a promising approach as well.

As for making the network deeper, it did not provide any improvement and, on the
contrary, led to decrease of classification accuracy, and made computations slower.

Table 6 contains the comparison of the accuracies presented in the published papers.
The accuracies were achieved in the same conditions as the method proposed in the
present paper, i.e.:

e Physionet benchmark dataset,

e 3-second long signal segments analyzed,

e 105 participants. Many papers present high results obtained for a significantly limited
subset of Physionet benchmark dataset. Only the papers, where the analysis of at least
a 105-person dataset is presented, are taken into account.

Table 6. Comparison of achieved accuracies.

Paper Mean (acc), %
[20] 82.43

[8] 80.1

[5] 80.05

[18] 74.71

[11] 70.6

Present research | 83.26

As it was shown in Sect. 3.3, despite the long filters applied, proposed architecture
has low computational complexity, even compared to shallow model, presented in [5].

Another innovation proposed in the present paper was a feature selection method
which allowed to find the electrodes, providing the most valuable information, allowing
to achieve high classification accuracy even with a limited electrode set. The measure
of an electrode’s importance was obtained on the basis of Choquet integral, which made
possible effective aggregation of the data cumulated in in the network filters, ensuring
clear representation of the knowledge regarding the electrode’s importance. Constructing
fuzzy measures on the basis of correlation coefficients is the approach which can be easily
understood and interpreted.

Table 7 presents the classification accuracies achieved by applying a limited set of
electrodes in the present paper and in other papers published in recent years.

The results in the table show, that even with a very limited set of electrodes the
proposed method of feature selection can ensure sufficient classification accuracy, which
is higher compared to the results presented in the literature. It is worth noting that in
the proposed method the electrodes are selected on the basis of a clearly understandable
measure, which takes into account the “consistency” of the filters’ behavior, contrary to
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Table 7. Comparison of achieved accuracies for limited electrode set

Paper Electrode Mean (acc), %
number

[81] 14 80.05

[5] 14 76.66

[20] 19 81.95
38 81.86

Present research 14 82.34

approaches presented in other research, such as selecting the electrodes on the basis of
empirical observations stating that specific electrodes are related to motor imagery more
closely than the others or simple averaging of the electrode weights across all filters of
the trained convolutional network. The first approach is too general, as EEG signals are
known to be highly subject specific. That is why data driven method presented in the
paper allows achieve higher performance. As for the latter approach, not all the filters
of the trained network become trained for extracting valuable for classification features
to the same degree, due to that reason the approach based on simple averaging will lead
to poorer performance of classification model.

The proposed approach of feature selection by network weights interpretation can
be used not only for EEG signal processing, but also within any other field where
multidimensional data are analyzed.

The author hopes that the present research makes real impact in the field of machine
learning and EEG signal processing and, in order to encourage further research in the
field, makes the source code publicly available on the github platform upon the paper
publication. The code can be found under the following link: https://github.com/mtokov
arov/cnn_reuse_full_dim_fs.git.
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