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A Multi-View CNN Encoding for Motor Imagery EEG Signals

Jiayang Zhanga, Kang Li∗a

aSchool of Electronic and Electrical Engineering, University of Leeds, Leeds, LS2 9JT, UK

Abstract

Objective: The convolution neural network (CNN) has gained lots of attentions recently in decoding electroencephalo-
gram (EEG) signals in Motor Imagery (MI) Brain-Computer Interface (BCI) designed for improving stroke rehabilitation
strategies. However, the extremely non-linear, nonstationary nature of the EEG signals and diversity among individual
subjects results in the overfitting of a CNN model and limits its learning ability. In this study, a densely connected
convolutional network with multi-view inputs is proposed. Methods: First, different data subsets from the original
EEG signals are created as the CNN model inputs through bandpass filters applied to the EEG signals to generate
multiple frequency sub-band signals based on brain rhythms. Then, temporal and spatial features are captured based
on the whole frequency band and the filtered sub-band signals, respectively. Further, two dense blocks with multi-CNN
layers, which connect each layer to every other layer in the feed-forward path, are used to enhance the model learning
capabilities and strengthen information propagation. Finally, a concatenation fusion method is used to integrate the
extracted features and a fully connected layer for finalizing the classification. Results: The proposed method achieves an
average accuracy of 75.16% on the public Korea University EEG dataset which consists the EEG signals of 54 healthy
subjects for the two-class motor imagery tasks, higher than other state-of-the-art deep learning methods. Conclusion:
The proposed method effectively extracts much richer motor imagery information from the EEG signals in the BCI
system and improves the classification accuracy.

Keywords: Motor Imagery, Electroencephalography, Convolutional Neural Network,

1. Introduction

The brain-computer interface (BCI) systems are de-
signed to capture the signals corresponding to neural pro-
cesses from the brain and support communication way be-
tween the brain and the external equipment without using
the common neuron muscular mechanism [1]. BCI tech-
nology can be used to assist the rehabilitation of people
suffering from devastating neuron logical disorders and re-
store practical motor control after the brain disorders such
as stroke, by interpreting the brain signals relating to the
state of the brain activities [2, 3]. The BCI technology
can also help to improve the muscle control of patients by
increasing the effectiveness of rehabilitation programs and
supporting impaired muscle control [4].

Electroencephalography (EEG), which reflects various
electrical activities of the brain, has been widely used in
BCI systems due to its high temporal resolution, cost-
effectiveness, portability, and noninvasive nature [5]. Mo-
tor imagery (MI), as one of the most commonly used EEG
paradigms, allows disabled people to self-regulate brain
signals through voluntary modulation rather than exter-
nal stimulus [6]. When a person is imagining or execut-
ing motor behavior, the related motor cortex on the brain
scalp generates the corresponding MI responses with mas-
sive neuron activity [7]. Through decoding MI-EEG sig-
nals, the gap induced by stroke between motor intention

and sensory feedback of motor movements is bridged which
leads to swift motor functional recovery.

For MI-EEG decoding, feature extraction and classi-
fication are the two most important steps. Conventional
machine learning methods like random forest (RF), lin-
ear discriminant analysis (LDA), support vector machine
(SVM), and neural networks (NN) were adopted as var-
ious classifiers for the MI-EEG decoding tasks. In 2014,
Bentlemsan et al used RF to combine bagging for boot-
strap aggregation and features that are selected randomly
[8]. In research [9], Luo et al proposed a feature-selected
approach namely the dynamic frequency feature selection
(DFFS) with a RF classifier to decode MI-EEG signals.
The calculation cost of the LDA classifier is low which is
beneficial for use in BCI applications based on MI-EEG
[10]. Chen et al used LDA to obtain the classification
results using multiple frequency band signals and vote
through probability summation [11]. Fu et al adopted reg-
ularized linear discriminant analysis (RLDA) to enhance
the dimension of the diagonal elements of the scatter ma-
trices to improve classification accuracy [12]. Support Vec-
tor Machine (SVM) is another common classifier in BCI
field. Islam et al used SVM on features with reduced di-
mensions obtained by adopting multi-band principal com-
ponents analysis (PCA) for four-class classification prob-
lems [13]. However, the noisy and non-linear nature of
EEG signals makes it difficult for the LDA classifier to
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get excellent results. SVM produces better classification
results but cannot deal with the multiclass problem and
decode complex EEG signals effectively [10]. The neu-
ral network (NN) has been extensively used in the BCI
field for providing a reasonable balance between accuracy
and training speed. Sagee et al used a bayesian network
(BN) for maximum probable channel selection and NN for
feature classification [14]. Hamedi et al employed Radial
Basis Function (RBF) neural networks to reduce train-
ing time while ensuring high accuracy [15]. The research
aforementioned has to consider if the extracted features
are suitable for the classifiers, which is also a challenge in
MI-EEG decoding tasks.

Among the existing feature extraction methods, the
common spatial pattern (CSP) and its variants are ef-
fective approaches in constructing optimal spatial filters
that discriminate two classes of EEG measurements in MI-
based BCI [16]. In [17], the common spatio-spectral pat-
tern (CSSP) is proposed which adopted the technology of
delay embedding to extend the CSP algorithm to the state
space. Dornhege et al proposed a new approach namely
the common sparse spectral-spatial pattern (CSSSP) that
optimizes both the spatial filter and the spectral filter to-
gether to enhance the difference between multi-channel
EEG signals [18]. In 2007, Novi et al decomposed the EEG
signals into sub-bands using a filter bank and got a score
from each sub-band after using CSP [19]. The final deci-
sion is decided on the scores based on different sub-bands.
Based on the fusion of different sub-band scores, Ang et al
[20] proposed a method namely filter bank common spa-
tial pattern (FBCSP) to choose the optimal features based
on CSP by several band-pass filters with different band
ranges. Higashi et al proposed a discriminative filter bank
CSP (DFBCSP) that considers the combination of finite
impulse response filters and spatial weights. This method
optimized the corresponding weights by a function which
can be regarded as another variation of the CSP algorithm.
[21]. However, feature extraction and feature classification
are two separate steps, and how to effectively integrate the
two steps to improve the overall classification accuracy is
still a challenge that needs to be addressed in the machine
learning field.

Deep learning (DL), as an implement for extracting
abstract information embedded in data by applying multi-
layered neural network structures and the end-to-end pro-
cess, has been successfully applied to analyze brain signals
in recent years [22–27]. In 2017, Schirrmeister et al pro-
posed three different DL structures and used the cropped
training strategy to increase training examples for the net-
work [28]. Lawhern et al in 2018 purposed a novel method
namely ’EEGNet’ that learns features that can be applied
to several BCI tasks and reduced parameter calculations
[29]. Amin et al [30] proposed a multi-layer convolutional
neural networks (CNN) algorithm which considered layers
with different features and structures to improve classifi-
cation accuracy. Freer et al [31] combined CNN with long
short-term memory (LSTM) layers and achieved adequate

results in distinguishing between different control classes.
However, few deep learning models have considered the
influence of frequency band range which varies from sub-
ject to subject and the reuse of features in a deep learning
structure.

There exist two key challenges in frequency band se-
lection in the data preprocessing step. The first is the
difficulty to determine brain rhythms as they vary with
time and with different subjects, the other is the diversity
among different subjects. The brain rhythms reflect the
functional states of different neuronal cortical networks.
The most common frequency band used in the MI-EEG
field is α rhythm [32] which is about 10 Hz and β rhythm
which is around 20 Hz [33]. In the research [17], 7 - 30
Hz was selected as the α and β rhythm. In another study
[34], it is shown that 26 Hz is the upper limit of the β

rhythm. Besides that, θ rhythm (4-7 Hz) was also proved
useful in decoding MI-EEG signals [35, 36]. It is clear
that, the frequency band range for special brain rhythms
is found to be different in these studies. Meanwhile, Novi
et al [19] proved that the variation among different sub-
jects is enormous. That is also the reason that FBCSP and
other later methods focused on selecting the appropriate
operational frequency band for extracting discrimination.
In DL methods, if no band selection is performed before
building the classifier model, redundant information and
noise will lead to the overfitting problem and make it dif-
ficult to learn useful features. However, on the other hand
if the band selection is performed, the differences among
different subjects may have a great impact on the final
classification result. All these have to be taken into ac-
count.

The other challenge is the lack of reusable feature maps
in the deep learning model. In the computer vision field,
many works have demonstrated that the CNN model with
shorter connections between layers close to the input and
the ones close to the output can be trained more efficiently
and accurately, and these shorter connections can help
reuse features in the previous layers [37]. ResNets [38]
redesigned the layers that learn residual functions con-
cerning the layer inputs and side signals from one layer to
the next through connections. Larsson et al [39] proposed
FractalNets that combine several parallel layer sequences
with different numbers of CNN and maintain many short
connections in the network. The densely connected net-
work (DenseNet) [37] uses direct connections between any
two layers with the same feature-map size. Short paths
lead to feature map reuse which can ensure efficient in-
formation flow between layers in the network and improve
model learning capabilities. Liu et al [40] connected the
DenseNet with 3D CNN to decode MI-EEG. However, the
22 input channels were forced to be the size of 7× 7 by
padding with the mean of all the EEG signals which in-
troduced lots of redundant information. Yu et al [41] pro-
posed a model combining the attention mechanism with
DenseNet. However, the model only used three channels
(C3, C4, Cz) to generate the input images by Continuous
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Wavelet Transform (CWT), which ignored massive spatial
information provided by the other channels in the cortex.

To address the two outstanding issues in deep learn-
ing for EEG signal decoding in BCI systems, this paper
proposes a novel end-to-end CNN architecture with multi-
views of EEG signals based on the densely connected con-
volutional network. First, the MI-EEG signals are fed to a
3-order Butterworth filter with different frequency bands
(1-5 Hz, 4-8 Hz, 8-13Hz, and 13-32 Hz) according to the
brain rhythms. Then each of the four EEG sub-band sig-
nals and the raw data covering the whole frequency band is
fed into a CNN model respectively. Then two CNN layers
are used to capture temporal and spatial features. Next,
these features pass two dense blocks with multi-CNN lay-
ers, which helps to connect each layer to every other in a
feed-forward mode. In the dense block, the feature maps
extracted by the preceding layers are used as inputs, and
their feature maps are fed into the succeeding layers, which
help reuse feature maps and reduce overfitting on tasks.
The final extracted features from each kind of input sig-
nal are fused in a fully-connected layer and end with the
softmax classifier.

The remainder of the paper includes four sections. The
details of the proposed method including data description,
preprocessing steps, the detailed structure and parametriza-
tion of the proposed CNN model are given in Section II.
Experimental results and discussion are presented in Sec-
tion III and Section IV respectively. In the end, Section V
concludes the paper.

2. Methods

This section first introduces the public dataset used
in the experiment. Then the preprocessing steps and the
proposed method are given in detail. The structure and
parameters are shown at the end.

2.1. Data description

1) The public Korean University (KU) dataset [42]
which includes fifty-four healthy subjects (ages 24-35; 25
females) is the largest binary dataset so far available in
the public domain. Every subject had 200 trials of data
(100 trials for imaging the left hand and right hand respec-
tively). The EEG signals were collected with 62 electrodes
based on the standard international 10–20 system place-
ment. The sampling rate was 1,000 Hz. To ensure a fair
comparison with other methods, we downsample raw sig-
nals to 250 Hz. 20 electrodes from the region related to
motor function were selected (shown in Fig.1). The chan-
nel selection is based on the previous model [6, 43] which
performed well on this dataset. The black fixation cross on
the center of the monitor lasted for 3 seconds for subjects
to prepare for the MI task. Next, the subject was asked
to image the MI task for 4s according to the left or right
arrow that appeared on the monitor and relaxed after a
blank screen. We only intercept 4 s data for the MI tasks

Figure 1: EEG electrodes position (KU dataset) [6]. The EEG elec-
trodes shown in gray were used in the proposed model.

for the subsequent processing. The 10-fold cross-valida-
tion (CV) method was adopted to check the performance
and robustness of our proposed model. 8 folds are used
for training, 1 fold for testing and the remainder for val-
idation. Hence, for each subject’s model, a total of 160
training trials and 20 validation and testing trials were
administered.

2) BCI Competition IV 2a (BCIC-IV-2a) dataset [44]
consists of recordings from 9 healthy subjects performing 4
different motor imagery tasks: left-hand, right-hand, both-
foot, and tongue. The signals were acquired using 22 EEG
electrodes with a sampling frequency of 250 Hz and were
bandpass filtered between 0.5 Hz and 100 Hz, as well as
notch filtered at 50 Hz. Two sessions were recorded on dif-
ferent days for each subject, with each session comprising
288 trials. So there is an inherent drift in the statistical
distributions between the two sessions. We used the first
session for training and the second session for testing to
validate the performance of the proposed model.

2.2. Preprocessing

We use a 3-order Butterworth filter to obtain multi-
views of EEG signals based on different brain rhythms.
We select four sub-bands with 1 Hz overlap, which are
δ rhythm (1-5 Hz), θ rhythm (4-8 Hz), α rhythm (7-13
Hz) and β rhythm (12-32 Hz). As mentioned in section
I, earlier work has already shown that the signals from
these sub-bands can better decode MI-EEG signals and
identify the intentions of the subjects. However, suitable
boundaries of sub-bands for MI-EEG signals vary from
person to person. To ensure that the feature diversity of
each individual is properly learned, raw signals with the
overall band covering the full frequency spectrum are also
fed into the proposed model. Therefore, altogether five
types of EEG signals are used as inputs including specific
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information related to the motor imagery and the diversity
among subjects.

2.3. The proposed model

The schematic of the proposed model is shown in Fig
2. Each view of specific MI-EEG signals is processed using
the same deep-learning structure. Therefore, the final fully
connected layer receives the same size of features through
these five parallel structures.

2.3.1. Definitions

Define the raw EEG signals as E = (Xi, Yi)|i = 1, 2, ..., N ,
where Xi ∈ RC×T represents i−th EEG trial with C chan-
nels and T samples. N is the total number of EEG signal
trials. In our experiment, C equals 20 and T is 1000 be-
cause each trial has 4 s data with a 250 Hz sampling rate.
Yi is the matching label of Xi, which comes from the label
set M = {m1 : right,m2 : left}.

2.3.2. Temporal and spatial block

As a time series, EEG signals contain abundant tempo-
ral features. Meanwhile, the different electrode positions
on the scalp allow for spatial characterization of brain ac-
tivities. Therefore, we use two CNN layers to extract tem-
poral and spatial features which are the most important
and commonly used in decoding MI-EEG tasks. First, a
CNN layer with the kernel size of 1× k is adopted on each
channel to perform a convolution over time. According to
the experience of previous studies [29, 45] and ablation
experiments on the kernel size selection, we allow k = 64
in the proposed model. Then, a depthwise CNN layer is
applied across all channels. The number of the filter is set
to be one so that signals from all channels at each time
instant were compressed into one feature map. This ap-
proach facilitates a reduction in the number of trainable
parameters and enables the efficient extraction of features
[29]. No activation function intervenes between the two
layers [28]. Then, the exponential linear unit (ELU) [46]
and batch normalization [47] techniques are employed to
mitigate the overfitting problem.

2.3.3. Dense block

Assume that the network has L layers, each of which
implements a non-linear transformation Fl (·) where l is
the index of the layer and the output of each layer is xl.
Traditional transition with a single connection between
each CNN layer is:

xl = Fl(xl−1). (1)

As the network becomes deeper with more layers, some
useful features may also be filtered. Meanwhile, more pa-
rameters need to be optimized which leads to overfitting,
especially for MI-EEG signals with a limited number of
subjects. To address this problem, we refer to [37] and
build direct connections from any layer to all subsequent
layers. The detailed structure is shown in Fig 2. In a

dense block, the lth layer receives the feature maps of all
preceding layers, and the activation function is:

xl = Fl([x0, x1, ..., xl−1]). (2)

where [x0, x1, ..., xl−1] are the feature maps from the pre-
ceding CNN layers [l0, l1, ..., l−1]. Each CNN layer adopts
ELU as activation, followed by batch normalization and
dropout techniques. If a CNN layer produces k new fea-
ture maps, the lth layer has k0 + k× (l − 1) inputs, where
k0 is the number of feature maps from the input. The k is
called the growth rate of the network which reflects how
much new information a CNN learned and contributed to
the proceeding layer. The short paths from preceding lay-

ers to proceeding layers are greatly increased to L(L+1)
2

whereas traditional architecture only has L ones in a L

layers network. Through the dense block, each layer has
access to all the preceding feature maps which enhances
the flow of information and feature reuse.

In summary, in the proposed model, the dense block
receives an input consisting of 40 feature maps. To mit-
igate the risk of overfitting, we set k=7, and use 4 CNN
layers in each block. Following the first CNN layer, we con-
catenated the 7 extracted feature maps combined with the
original 40 feature maps to form a new input that is then
fed into the subsequent CNN layer to learn 7 additional
feature maps. This process is repeated before the third
CNN layer, thereby allowing for the extraction of more
informative and discriminative features. Each subsequent
layer of CNN is not only connected to the previous layer,
but also has connections to the outputs of all previous lay-
ers, enabling the establishment of shorter paths that help
the flow of the information.

2.3.4. Fusion block

As mentioned earlier, in addition to the complete raw
EEG data, four different inputs represent different views
of the MI-EEG signals. These sub-band datasets are based
on brain rhythms related to motor imagery tasks. While
the raw signals without filtering reflect the diversity of
features that varies from person to person. After further
learning by two dense blocks, the extracted features are
sent into a 1 × 1 CNN layer to reduce the size of feature
maps before fusion. Fewer maps help to improve com-
putational efficiency and reduce fluctuations in the loss
function trajectory along the training. Finally, features
obtained through all parallel branches are fed to a fully
connected layer with a softmax classifier.

Using the single-band input can reduce a number of
computational parameters, as demonstrated in classical
models such as ConvNet [28] and EEGNet [29]. However,
this approach often ignores the impact of differences across
different frequency bands. When using multi-branch in-
put that divides EEG into different frequency bands, the
learned features need to be integrated before being fed into
the classifier. The previous models such as HS-CNN [45]
used a simple fully connected layer to fuse the information.
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Figure 2: The overview of the proposed model structure. The structure is divided into three blocks: (a) Temporal-Spatial Block; (b) Dense
Block; (c) Fusion Block. In the Dense Block, 7@1× 64 means each CNN layer in the dense block has 7 filters with the size of (1× 64). C
means the concatenation procedure.

In contrast, our model has multiple layers for each branch,
leading to numerous calculated feature maps. As a result,
we need to reduce the dimensionality through one-dimen-
sional CNN and pooling procedures to prevent overfitting
and reduce the model complexity.

2.3.5. Training

The cross-entropy function is selected as a loss func-
tion which calculates the distance between the probability
distribution of the neural network prediction values yp and
the true labels yt [48]:

L (yp, yt) = −
∑

m

yp,m log yt,m. (3)

where m is the index of y. The optimizer is Adam [49]
and learning rate lr = 0.0001. The training takes 1000
epochs for each fold in the CV with 16 batches per epoch.
The early stopping technology was used to save the best
weights during each fold. The training step ended after
checking if the validation loss value decreased for the last
150 epochs. After reaching the threshold, the model with
the best weights produces the classification results of the
test fold.

2.3.6. Baseline models

We use two traditional machine learning methods (CSP
[16] and FBCSP [20]) and three state-of-the-art deep learn-
ing architectures (Shallow ConvNet [28], Deep ConvNet

[28], and EEGNet 8-2 [29]) as baseline models to demon-
strate the effectiveness of our proposed method. Since
the baseline models use different datasets in the initial re-
search, we have used the best parameters of these models
and ensure a fair comparison. The details of the baseline
models are described as follows:

1. CSP: The basic principle of the CSP algorithm is
to find the optimal set of spatial filters for mapping
data by using the diagonalization of the matrix. In
this way, the difference between the variance values
of the two tasks is maximized, thus gaining a feature
vector with high discrimination. The methods CSSP,
CSSSP and DFBCSP mentioned earlier all use CSP
as the kernel algorithm.

2. FBCSP: FBCSP is also a successful algorithm com-
monly used in the BCI field. After extracting the fea-
tures through CSP, FBCSP used a feature selection
method to automatically select discriminative pairs
of frequency bands. According to [20], we decom-
pose EEG signals into nine frequency bands with a
bandwidth of 4 Hz from 4 to 40 Hz through a Cheby-
shev filter. The classifier is the SVM with the default
kernel radial bias function (RBF).

3. ConvNet: ConvNet included the shallow and deep
two structures. Shallow ConvNet is a DL model with
only two CNN layers and an average pooling layer,
which achieved a better performance than FBCSP on
the public dataset BCI competition IV 2a [50] and
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high-gamma dataset [28]. Deep ConvNet included a
temporal and spatial filter which are similar to the
head of the Shallow ConvNet. Then the layer was
followed by several convolution-max-pooling blocks
and a fully-connected layer with a softmax classifier.
It extended the choice of learning parameters and op-
timization plans, and has achieved excellent results
[51].

4. EEGNet 8-2: Based on the Shallow ConvNet, this
model adopted a separable CNN layer after extract-
ing temporal-spatial features, which ensured the qual-
ity of the classification results with reduced calcula-
tion cost.

5. FBCNet: FBCNet divides the raw EEG signals into
several frequency bands. Then the depthwise CNN
layer was used to extract spatial features. After that,
the model employed a variance layer to compute the
temporal variance of the time series. Finally, the fea-
tures are fused in a fully-connected layer and ended
with the softmax. The model referred to the prin-
ciple of FBCSP and achieved the best classification
result on the Korean public MI dataset[43]

3. Results

The computer used in this experiment had 8 Intel cores
Intel processors and 16 GB RAM. GTX 2080 GPU with 8
GB memory was used for training and testing EEG data.
Keras was used for building the proposed model and the
baseline models. The results and statistical analysis of the
proposed model are reported in this section, including the
performance comparison with other baseline models.

3.1. Overall performance

The averaged classification accuracy of different meth-
ods is shown in table I. The results from different methods
are 64.69% (±15.25), 63.50% (±19.09), 67.81% (±17.55),
61.83% (±16.89), 68.96% (±17.17), 73.44% (±13.28), 75.16%
(±14.01) for CSP, FBCSP, EEGNet 8-2, Deep ConvNet,
Shallow ConvNet, FBCNet and our proposed method in
KU dataset, respectively. The proposed method achieves
1.72% higher than the best result among the baseline mod-
els. To better validate the results, we use statistical signif-
icance tests including an Analysis of Variance (ANOVA)
test for the multiple comparison tests and paired t-tests
between each baseline method and the proposed method.
In an ANOVA test, the proposed method significantly ex-
ceeds the others [F = 5.054, p < 0.001]. The results of paired
t-test are CSP [t(53) = −6.074, p < 0.001], FBCSP [t(53) =
−6.220, p < 0.001], EEGNet 8-2 [t(53) = −5.931, p <0.001],
Deep ConvNet [t(53) = −8.226, p < 0.001], Shallow Con-
vNet [t(53) = −5.788, p < 0.001] and FBCNet [t(53) = −1.8
75, p < 0.01]. The performance comparison for individual
subjects based on the scatter plots is presented in Fig.3.
There is a significant improvement in classification accu-
racy for most of the subjects. The proportions of subjects

Table 1: Comparison of average classification accuracy (%) for dif-
ferent methods.

KU Dataset BCI IV 2a Dataset
CSP [16] 64.69 (15.25) 54.01 (12.77)
FBCSP [20] 63.50 (19.09) 65.79 (14.21)
EEGnet 8-2 [29] 67.81 (17.55) 67.81 (17.55)
Deep ConvNet [28] 61.83 (16.89) 65.34 (13.54)
Shallow ConvNet [28] 68.96 (17.17) 68.96 (14.28)
FBCNet [43] 73.44 (13.28) 72.71 (14.67)
Proposed model 75.16 (15.03) 72.45 (14.10)

Table 2: COMPARISON OF AVERAGE CLASSIFICATION
ACCURACY(%) FOR METHODS BASED ON DIFFERENT
RHYTHMS.
Algorithm δ θ α β Overall
CSP[16] 52.93 53.81 64.50 63.29 54.39
EEGNet 8-2[29] 55.71 54.09 66.63 67.34 69.69
Deep ConvNet[28] 54.19 51.07 62.56 61.32 65.68
Shallow ConvNet[28] 53.68 52.53 64.38 68.57 64.16
Proposed method 57.43 54.07 66.52 67.47 73.52

who had better results in the proposed model than in the
baseline models are 81.4% (44 of 54), 85.2% (46 of 54),
79.6% (43 of 54), 87.03% (47 of 54), 77.8% (42 of 54), and
55.5% (30 of 54) for CSP, FBCSP, EEGNet 8-2, Deep Con-
vNet, Shallow ConvNet and FBCNet, respectively. In the
BCI IV 2a dataset, while FBCNet exhibited 0.26% higher
than the proposed model, our model demonstrated notable
classification performance when compared with other base-
line models.

3.2. Model performance on different sub-bands

Features extracted from different sub-bands have dif-
ferent impacts on the final classification accuracy. We
tested different methods based on both the four commonly
used sub-bands related to brain rhythms in MI-EEG de-
coding tasks and the raw data covering the whole fre-
quency spectrum. Our proposed model fuses extracted
features through five paralleled structures with the same
parameters. Therefore, to validate the effect of differ-
ent sub-bands on the proposed model, only one paralleled
structure without the fusion step is used in this experi-
ment. The comparison results based on the KU dataset
are shown in Table 2. On the θ and α sub-bands, EEGNet
8-2 achieved 54.09% and 66.63% respectively which are the
best results. The Shallow ConvNet method performed well
on the β sub-band. The proposed methods also produced
good classification results based on different sub-bands, es-
pecially having much higher accuracy in decoding the raw
MI-EEG signals over all frequency bands.

Fig 4 shows the accuracy of the proposed method based
on different brain rhythms for each subject. The classifi-
cation results based on α and β rhythms are higher than
other cases for most subjects, which further confirms the
findings reported in the previous research [32][33]. θ and
δ rhythms also contain useful MI information which can
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Figure 3: Scatter plot of individual classification performance. The horizontal axis represents the classification accuracy from baseline methods
(CSP, FBCSP, EEGNet 8-2, Deep ConvNet, Shallow ConvNet and FBCNet), and the vertical axis represents the classification accuracy from
our proposed method.

significantly improve the accuracy of some subjects. Fur-
thermore, the proposed model extracts the most compre-
hensive information from the raw MI-EEG data covering
the whole frequency spectrum without applying any filter-
ing, and has achieved the best classification results for 33
out of 54 subjects.

3.3. Effect of hyper-parameters

The kernel structure of the proposed model is the dense
block. To improve the model learning capacity, we test the
effect of different numbers of feature maps on the classifica-
tion performance based on all subjects in the KU dataset.
The results are shown in Fig 5(a). The highest accuracy
is achieved when the CNN filter in a dense block learns
7 feature maps each time. Fewer feature maps limited
the information learned while too many ones lead to the
overfitting problem. Besides that, the number of feature
maps in the final 1× 1 CNN layer also plays an important
role. The influence on the model is shown in Fig 5(b).
When the dimension of feature maps is compressed to 20,
the model has the best performance. From the results we
can find that the difference between different numbers of
feature maps is not huge. However, if there is no 1 × 1
CNN layer in the fusion block, the classification rate only
reaches about 68% which is similar to other excellent meth-
ods. One possible reason is that there are many extracted
features from each sub-band signal and the raw data com-
prising all bands. Without decreasing feature maps by 1×1
CNN layer, a large number of parameters with redundant

information will be calculated in the fully connected layer
and in the final softmax layer which will have a negative
impact on the final classification results.Besides that, we
also test the influence of different activation functions (Fig
6). The ELU function performs best with the highest ac-
curacy and runs fast.

3.4. Effect of fusion of sub-bands and the overall band

The classification results for methods based on differ-
ent rhythms are shown in table II. Although the accuracy
of the proposed model on the raw EEG signals covering the
full frequency spectrum (overall band) is good enough, the
combination with subset signals of specific brain rhythms
can achieve better performance. As shown in Fig 7, with-
out combining with the features from the raw data cov-
ering the full spectrum (whole bands), the results of the
combination of only sub-bands covering brain rhythms δ,
θ, α and β are no more than 68%. When we introduced
the features from the overall band, the accuracy signifi-
cantly improved. The proposed model with all sub-bands
and the overall band together achieves 75.16% while the
combination of the overall band with (α, β) and (θ, α, β)
reaches 74.42% and 74.94% respectively.

4. Discussions

4.1. Comparison of different methods

Traditional machine learning methods included feature
extraction and classification steps. Inappropriate combi-
nation of the feature extraction methods and classifiers
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Figure 4: The average accuracy of the proposed method using a 10-fold CV based on different brain rhythms.

(a)

(b)

Figure 5: The effect of numbers of feature maps of the proposed
model. (a) The feature maps come from the CNN filters in the dense
block. (b) The feature maps come from the 1× 1 CNN filters in the
fusion block.

leads to poor classification results. Deep learning, which
has an end-to-end projection, shows great performance in
decoding MI-EEG tasks [52]. Our proposed model uses
different MI-EEG representations based on various sub-
bands and raw data covering the overall band as inputs.
The proposed CNN structure improves the model perfor-

Figure 6: The effect of activation functions on example subject

mance through feature reuse and fusion technology. In
Fig 3, we show the comparison results with other meth-
ods on each subject. For most subjects, the classification
accuracy has been significantly improved based on our pro-
posed method, even more than 50% than some benchmark
models. The number of subjects whose accuracy is over
80% is 11 for CSP, 15 for FBCSP, 16 for EEGNet 8-2, 12
for Deep ConvNet, 17 for Shallow ConvNet, 16 for FBCNet
and 22 for our model, which further verifies the superiority
and robustness of the proposed method. Additionally, we
utilize the t-SNE [53] to achieve full visualization of the
learned features from different methods. The t-SNE algo-
rithm was used on the last fully connected layer. All in-
puts of the t-SNE are reshaped to trials × features to show
the feature distribution in a two-dimension space. For a
fair comparison, the extracted features of all methods are
taken from the same subject (Fig 9). Compared with the
other three baseline CNN model, our proposed model was
able to extract more discriminative features through the
dense blocks after learning temporal-spatial information
from MI-EEG signals.

4.2. Analysis of fusion of features from sub-bands

To learn useful information related to motor imagery,
the signals will pass a filter whose frequency bands are as-
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Figure 7: The classification rate of different combinations of sub-
bands and the overall band based on the proposed model.

Figure 8: The feature map of the sixth subject obtained by various
methods in 2-D embedding based on t-SNE. Part (a) is the distri-
bution of the raw EEG data. Parts (b), (c), (d) and (e) show the
distribution of extracted features in trained EEGNet 8-2, Deep Con-
vNet, Shallow ConvNet and the proposed method. The proposed
method achieved 89.5% classification results, whereas EEGNet 8-2,
Deep ConvNet and Shallow ConvNet resulted in 67.5%, 53.5% and
65.0% respectively.

sociated with the brain rhythms (commonly use α and β

rhythm). The Previous study has shown the significant
impact of frequency selection on the final classification
results [17]. However, unclear EEG rhythm boundaries
and differences in optimal frequency bands for each indi-
vidual make it difficult to build an effective model. In
table II, the same method gives completely different re-
sults in decoding MI-EEG signals on different rhythms.
These methods tend to give about 10% higher classifica-
tion results on the α and β rhythm than on the θ and
δ rhythm. Our proposed method does not show better
performance than other baseline methods on these four
commonly used rhythms. However, our method produces
much better results on the overall frequency band which
reaches 73.52%. Although using signals covering the whole
frequency spectrum may introduce more redundant infor-
mation and noise, it however ensures that all motor im-
agery information and individual diversity among differ-
ent subjects. The baseline models such as the EEGNet

Figure 9: The feature map of the sixth subject with various inputs
in 2-D embedding based on t-SNE. Part (a) is the distribution of
the raw EEG data. Parts (b), (c), (d), (e) and (f) show the distri-
bution of extracted features from δ rhythm, θ rhythm, α rhythm, β
rhythm and the overall bands. The proposed method achieved 89.5%
classification on this subject.

8-2 and Deep ConvNet also proved that the classification
accuracy on the overall bands is higher than on the α or β
rhythm. Fig 9 clearly reveals the significant improvement
of the classification accuracy after fusing the features from
the overall frequency band. We again use t-SNE before
the final fully connected layer to show the distribution of
the extracted features from different inputs. Except for
the features extracted from δ rhythm, other ones can be
distinguished clearly through the t-SNE visualization on
the sixth subject.

4.3. Analysis of dense block

Compare with EEGNet 8-2, Deep and Shallow Con-
vNet, our proposed model has the same structure in the
first and second CNN layers to extract temporal-spatial
features from EEG signals. The difference is that we have
further introduced two dense blocks to make the whole
structure deeper. The deeper CNN layers can usually learn
more abstract and high-level features which help to im-
prove the model performance. However, a complex model
also leads to the overfitting problem especially on limited
data such as MI-EEG signals. Further, the non-linear and
nonstationary characteristics of EEG may let deeper CNN
layers learn more noise and redundant information rather
than useful information embedded in the signals. There-
fore, previous studies in the literature usually adopted a
structure with only one or two CNN layers [52]. From the
results listed in table I, EEGNet 8-2 and Shallow ConvNet
with fewer CNN layers than Deep ConvNet perform much
better. However, fewer CNN layers may limit the learning
capability of a deep learning model. In [28], Schirrmeister
et al combined ResNet structure to decode MI-EEG tasks,
but the performance was worse than traditional methods
like FBCSP. One possible reason is that ResNet evaluates
the difference between the output of one layer and the in-
put in the preceding layer. But such information is not
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suitable to be fed into the following layers because sim-
ple addition and subtraction can lose useful EEG informa-
tion, since the EEG signals are nonstationary and include
a mass of noise signals. Our proposed model learns all
features in the preceding layers instead of the difference
between the inputs and outputs. In the dense blocks, the
features learned by any of the CNN layers are connected
by all subsequent layers which encourage information flow
and feature reuse over the whole model. In the softmax
classifier, the outputs are not only influenced by the fea-
tures fed from the latest layer which may include redun-
dant information due to the overfitting problem but also
affected by the feature maps fed from all other preceding
layers, which avoid unnecessary information loss as sig-
nals pass across through different layers. From table II, it
is evident our proposed model can extract more valuable
features from the overall frequency bands, while reducing
the effects of noise, achieving a better trade-off between
model complexity and model learning capability.

4.4. Limitations and future work

Our proposed method achieved the best classification
results on the KR MI-EEG dataset, but there are still sev-
eral limitations that deserve future investigations. First,
the whole structure combines five sets of inputs and ex-
tracts features separately from each of the five sets of in-
put signals. Although we use average pooling layers and
1×1 CNN to decrease calculated feature maps, it took a
substantial amount of time to train the complex model.
From Fig 4, we can find that good classification results
are achieved for a few subjects only using the δ rhythm.
If we can select the most relevant rhythm during training
and prune the redundant layers and neurons, the model
compactness can be improved. Therefore, future work is
to identify the most suitable sub-bands and adopt neu-
ron pruning methods to reduce the model size. Secondly,
our model is based on within-the-subject like existing ap-
proaches in the literature, but it also implies that we have
to build a specific model for each subject. In reality,
building a cross-subject model is practically more valu-
able, especially for stroke patients. Saving much time to
train a model can effectively help patients to be much
more quickly engaged with the rehabilitation exercise. To
achieve this objective, techniques such as transfer learn-
ing and adaptive learning will be adopted in future work.
Finally, our model uses both the temporal and spatial fea-
tures of MI-EEG signals and the selection of channels is
primarily based on previous studies and experience. How-
ever, different subjects may have different motor imagery
areas. Therefore, another future work will introduce au-
tomatic channel selection methods to improve our model
adaptability.

5. Conclusion

In this paper, we propose a novel DL architecture based
on the densely connected CNN for the recognization of MI

tasks. Our proposed model uses both filtered MI-EEG
signals based on four commonly used brain rhythms and
the overall frequency band as inputs. The network first
extracts temporal and spatial features using the first two
CNN layers. Then, two dense blocks connect each CNN
layer to all the rest layers in a feed-forward mode to fur-
ther learn discriminative MI-EEG information. The dense
block encourages feature reuse and strengthens informa-
tion propagation. Next, average pooling layers and 1×1
CNN layer help to reduce computation and avoid the over-
fitting problem. Finally, the fully connected layer fuses
the extracted feature from different inputs and ends with
a classifier. The fused features include special motor im-
agery information based on different brain rhythms and
also consider individual diversity among subjects without
finding the optimal sub-bands. Both the classification ac-
curacy and the distribution of extracted feature maps have
demonstrated the superiority of the proposed method in
the decoding MI-EEG tasks when compared with bench-
mark models, achieving an average accuracy of 75.16% on
the public Korea University EEG datasets, higher than
other state-of-the-art deep learning methods.
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