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ARTICLE INFO ABSTRACT

Keywords: Electroencephalogram (EEG)-based Brain-Computer Interfaces (BCIs) build a communication path between

Motor imagery electroencephalogram human brain and external devices. Among EEG-based BCI paradigms, the most commonly used one is motor

daSSiﬁcaﬁ?“ imagery (MI). As a hot research topic, MI EEG-based BCI has largely contributed to medical fields and smart

Deep learning home industry. However, because of the low signal-to-noise ratio (SNR) and the non-stationary characteristic

Survey of EEG data, it is difficult to correctly classify different types of MI-EEG signals. Recently, the advances
in Deep Learning (DL) significantly facilitate the development of MI EEG-based BCIs. In this paper, we
provide a systematic survey of DL-based MI-EEG classification methods. Specifically, we first comprehensively
discuss several important aspects of DL-based MI-EEG classification, covering input formulations, network
architectures, public datasets, etc. Then, we summarize problems in model performance comparison and give
guidelines to future studies for fair performance comparison. Next, we fairly evaluate the representative DL-
based models using source code released by the authors and meticulously analyse the evaluation results.
By performing ablation study on the network architecture, we found that (1) effective feature fusion is
indispensable for multi-stream CNN-based models. (2) LSTM should be combined with spatial feature extraction
techniques to obtain good classification performance. (3) the use of dropout contributes little to improving the
model performance, and that (4) adding fully connected layers to the models significantly increases their
parameters but it might not improve their performance. Finally, we raise several open issues in MI-EEG
classification and provide possible future research directions.

1. Introduction feature extraction part and the classification part, which are the most

challenging.

Brain-Computer Interfaces (BCIs), as communication bridges be- With the great success of Deep Learning (DL) achieved in Com-
tween human brain and external devices, have been widely applied puter Vision (CV) and Natural Language Processing (NLP), more and
in various areas, including rehabilitation training [1,2], robotics con- more researchers have turned their attention to DL and developed DL-
trol [3], sport training, smart live [4,5], game industries [6,7] and based models for MI-EEG classification. Many of them, such as [10-
person identification [8]. By decoding brain signals, e.g., Electroen- 12], can outperform previous traditional machine learning-based meth-

cephalograph (EEG), BCI systems can identify the user’s intentions and
give the corresponding control commands to external devices. As the
most common technique to record brain activity, EEG is well known for
its high temporal resolution, low cost for data collection, good mobility
and low sensitivity to movement [9]. Currently, many types of EEG
signals have been used in BCI systems, where Motor Imagery (MI) is
one of the most popular ones. Fig. 1 shows a standard MI EEG-based
BCI system, which consists of five major parts: MI-EEG data acquisition,
preprocessing, feature extraction, classification and application inter-
face. In these five components, most researchers mainly focus on the

ods. In this paper, we comprehensively survey DL-based methods for
MI-EEG classification. Our study covers various aspects of DL-based
MI-EEG methods. Specifically, we systematically categorize and sum-
marize input formulations for the existing DL-based methods, network
architectures, commonly-used regularization methods, public datasets
and common metrics. We also discuss several issues in model compar-
ison, propose guidelines for fair performance comparison and evaluate
13 typical DL-based MI-EEG decoding models using the source code
released by the authors!. Besides, by conducting ablation studies, we
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Fig. 1. A schematic diagram for the typical MI-EEG system.
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Fig. 2. A brief chronology of deep learning for MI-EEG classification.

explore the effect of some design factors on model performance and
reveal important design factors that can influence classification perfor-
mance. To foster future studies, we also discuss open issues in DL-based
MI-EEG classification and provide potential research directions.

1.1. A brief history of deep learning-based MI-EEG classification methods

Hundreds of MI-EEG classification methods have been proposed
over the past two decades. Most early works mainly utilized hand-
crafted features [13] along with traditional machine learning (ML)
classifiers, e.g., Support Vector Machine (SVM) [14], Naive Bayesian
classifier [15] and Linear Discriminant Analysis(LDA) [16], for MI-
EEG classification. Due to the limitations brought by hand-crafted
features [17], the performance of traditional algorithms is usually not
satisfactory.

Benefiting from the rapid development of Deep Learning (DL) tech-
niques, many researchers have developed more effective MI-EEG de-
coding methods based on DL. Compared with the traditional methods,
DL-based methods can automatically extract more discriminative and
relevant features from MI-EEG data with Low Signal-to-Noise-Ratios
(SNR). This usually contributes to better classification results. The
earlier DL-based models, such as [18-20], were generally built based
on Deep Belief Networks (DBNs) or Deep Neural Networks (DNNs).
The architectures of these earlier models are relatively simple and

shallow, but they can often outperform most previous traditional non-
deep learning methods. To further improve DL-based methods perfor-
mance, many studies [21-23] emulated the computational steps of the
Filter-Bank Common Spatial Pattern (FBCSP) [15] when constructing
their decoding models. FBCSP is a State-Of-The-Art (SOTA) non-DL
method that has won several EEG decoding competitions. Compared
with FBCSP, these DL-based models can finish several computational
steps, e.g., feature extraction and classification, in a unified framework.

In the same time period, some researchers developed spectrogram-
based CNN models [10,24,25] for MI-EEG classification. They first
utilized time—frequency approaches, i.e., Short-Time Fourier Transform
(STFT), to transform raw EEG data into time—frequency representations.
These time—frequency images were then inputted into a newly proposed
CNN model, or a pre-trained CNN model that has achieved success in
computer vision for classification (e.g., VGG16 [26]).

Some methods [27-29] adopted Long-Short Term Memory (LSTM)
to build their models because of its ability to capture temporal depen-
dencies in signals. The reported results show these LSTM-based meth-
ods can achieve better results than many previous non-DL algorithms
and some earlier DL-based methods.

To further improve performance, more and more works [30-32]
proposed hybrid architectures by combining different DL algorithms,
where the combination of CNN and LSTM is the most common design
choice. Besides, some recent studies [33] also utilized Capsule Neural
Network (CapsNet) [34,35] to develop MI-EEG decoding models. The
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reported results illustrate that their performance is superior than some
previous CNN-based methods.

Most recently, some researchers have turned their attention to
multi-task learning (MTL) and developed MTL-based MI-EEG classi-
fication models [36-38]. These works aim to utilize other related
tasks, e.g., input reconstruction [37], to assist MI-EEG classification.
Some of them [36,37] show superior performance over several SOTA
models, e.g., EEGNet [21], Deep ConvNet [22], etc. Fig. 2 shows these
representative DL-based methods proposed from 2014 to now.

1.2. Existing reviews on MI-EEG classification

There were some previous review works on MI-EEG classification.
As far as we know, the earliest review can be traced back to 2013.
Hwang et al. [13] reviewed various previous EEG-based BCI papers,
all of which are not using DL. Another early review article [39] mainly
focused on Sensorimotor Rhythm (SMR)-based BCI and its applications.
Likewise, the included works in the review do not use deep learning.
Several recent reviews started to pay more attention to DL-based meth-
ods due to the use of more DL in BCIs. Lotte et al. [40] reviewed EEG
classification methods for BCIs proposed from 2007 to 2017, but only
a few of them used DL. Two later review articles [9,41] focused on
DL-based EEG classification methods. They involved several different
application domains, such as BCI, epilepsy, and sleep. However, the
number of works included on MI-EEG classification in these articles is
very limited.

Most recently, Saegh et al. [42] discussed 40 papers related to DL-
based MI-EEG classification. Although this survey covers many aspects
of this field, including input formulation, the DL techniques used,
common frequency ranges and so on, it has the following drawbacks.
(1) It just gave high-level summary of deep learning techniques used in
MI-EEG classification. It lacks an in-depth analysis of the DL techniques,
such as how these DL techniques are used to construct classification
models, what design factors can affect the performance of specific
DL architectures, and so on. (2) The authors just cited the results
reported in the original papers for comparison. Since different works
often adopted different datasets for training and testing [30,43,44],
directly citing and comparing the reported results from different papers
could result in unfair comparison and invalid conclusions. (3) This
survey did not cover many typical and latest decoding models, such
as [11,12,19,45-48].

Different from the previous reviews, our work provides a systematic
and in-depth review of DL-based MI-EEG classification methods, cover-
ing 67 papers related to DL for MI-EEG classification. The criteria used
to select these papers are explained in Section 2.1. We reviewed many
most typical and most recent DL-based MI-EEG decoding methods.
We not only systematically categorize input formulation and network
architecture, but also discuss typical design patterns and common
input formulations for different network architectures. Moreover, we
select 13 representative models for evaluation and discussion. These
models cover most common network architectures. Instead of citing
the reported results, we use the source code provided by the authors
to test their performance in our evaluation. For fair comparison, we
use the hyper parameters adopted by the authors, which give the best
performance of the models. Through ablation studies on the network
architecture, we explore the effect of some common design factors
on model performance and obtain several important insights as fol-
lows. (1) Effective feature fusion is essential for developing accurate
multi-stream CNN architectures. (2) LSTM alone could not be used for
classifying MI-EEG signals; it should be combined with spatial feature
extraction techniques. (3) Dropout does not have a significant effect
in increasing model performance. (4) Researchers should avoid using
fully connected layers in their decoding models except the output layer.
These discoveries could provide insights to researchers in their design
and implementation of new models. Finally, we shed light on challenges
and future research directions in this field.
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1.3. Our contributions

This paper has the following contributions:

We comprehensively review DL-based MI-EEG classification mod-
els, including network architectures, systematic categorizations,
summaries of input formulations, and datasets.

We select, evaluate and discuss 13 typical DL-based MI-EEG de-
coding models. They cover most common network architectures.
We also discuss existing problems in performance comparison
and give guidelines to future studies in terms of fair performance
comparison.

We conduct ablation studies to investigate the effect of design
factors on several common network architectures. According to
our experimental results, we provide suggestions to researchers
in their design of new models.

We discuss several challenges and open issues in DL-based MI-
EEG classification and discuss potential directions of future stud-
ies.

The rest of this paper is organized as follows. Section 2 presents the
proposed taxonomies of input formulations and network architectures.
It also introduces commonly-used regularization techniques, datasets
and metrics in MI-EEG classification. Section 3 describes the problems
that can lead to unfair performance comparison and provides guidelines
for fair comparison in future. We evaluate 13 typical DL-based decoding
models, covering several common architectural choices, and analyse
design factors that affect model performance in Section 3. Section 4 dis-
cusses open issues and directions of future research. Finally, Section 5
concludes this paper.

2. Deep learning-based motor imagery MI-EEG classification meth-
ods

Benefiting from DL, MI-EEG classification has achieved great
progress. For DL-based MI-EEG classification methods, there are sev-
eral aspects that deserve our attention, including input formulation,
network architectures, commonly-used public datasets and evaluation
metrics. In this section, we comprehensively discuss these important
aspects. Section 2.1 presents our criteria for selecting reviewed papers
related to DL-based MI-EEG classification. Section 2.2 classifies and
summarizes typical input formulations. In Section 2.3, we briefly dis-
cuss data normalization in DL-based MI-EEG classification. Section 2.4
classifies and summarizes typical network architectures. Section 2.5
introduces and summarizes common regularization techniques in DL-
based MI-EEG classification. In Section 2.6, we review and discuss
commonly-used MI-EEG datasets and popular metrics.

2.1. Selection criteria of related articles

Since a large number of DL-based MI-EEG classification methods
have been proposed, it is unrealistic to review all of these works in one
article. We use a systematic review and meta-analysis procedure named
PRISMA [49] to choose papers. Specifically, we first input keywords
(see Fig. 3) into a well-known multidisciplinary database, i.e., Web of
Science.? Then, we manually discard some search results unrelated to
MI. Specifically, some search results that are only related to other EEG-
based BCI paradigms, such as event-related potential and steady-state
visually evoked potential. Next, we further discard search results that
are not peer reviewed, e.g. arXiv papers, or if the papers solely focus
on non-classification tasks, such as feature selection.

Fig. 3 shows the diagram of our PRISMA-based article selection in
detail. By adopting PRISMA, 60 related works are chosen. We have
also manually included some typical and latest works [36-38,50-53]
that are not chosen by our PRISMA-based article selection. Finally, we
choose 67 related works for review.

2 https://www.webofknowledge.com/.
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Keywords: |(‘Deep Learning’ Or ‘Convolutional Neural Network’ Or ‘Deep LSTM’ Or ‘Deep Belief Network’ )
And (‘Motor imagery’ Or ‘MI’) And (‘Electroencephalogram’ Or ‘EEG’)

Input into the database
(i.e., Web of Science)

146 records identified through
database searching

l

146 records screened according to
relevance

l

97 full-text articles assessed for
eligibility

. 49 records excluded
37 records excluded
. according to our
exclusion criteria

l

60 studies included in quantitative
synthesis (meta-analysis)

Fig. 3. The diagram of PRISMA-based article selection. This search was conducted in July, 2022.
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Fig. 4. The proportion of typical input formulations used in the reviewed papers. Note
that 100% in the pie chart represents all the models in the reviewed papers.

Table 1
Classification of the reviewed studies according to input formulations.

Publications

[17,21,22,31,47,54-58]
[4,11,19,25,48,59-63]
[23,36-38,50-53,64]

[30,44,65,66]

[10,12,24,43,67-72]
[20,25,73-76]
[45,46,63,77-83]
[27,28,84-87]
[18,27,88,89]

Category

Raw EEG data

Topology-preserving images

(1) Time-frequency features
(2) Spatial features

(3) Time features

(4) Frequency features

Calculated features

2.2. Typical input formulations

Formulating or choosing the suitable input formulation is one of the
important factors in designing an accurate classification model. So far,
various input formulations have been developed and adopted for DL-
based MI-EEG classification methods. According to the characteristics
of these input formulations, they can be classified into three categories:
raw EEG data (see Section 2.2.1), topology-preserving images (see Sec-
tion 2.2.2) and calculated features (see Section 2.2.3). Fig. 4 shows the
proportion of these three categories being used as input in the reviewed
models. Table 1 summarizes representative publications for different
categories of input formulations. Since input formulation is usually
closely linked with network architectures, we also briefly discuss com-
mon input formulations used for different network architectures in
Section 2.4.

2.2.1. Raw EEG data

Since DL techniques are good at extracting effective features from
data, many works, such as [21,22,54], directly use raw EEG data as
the input of their DL models. Compared with other types of input
formulations, the main advantage of using raw EEG data as input is that
no additional computational steps is required to process the data. The
input raw data is generally in the form of 2D matrices, where the rows
often represent time and the columns represent EEG channels (Refer to
Fig. 5(a)). So far, a large proportion (around 41.2%) of the existing
DL methods have taken raw EEG data as input, covering various
types of network architectures (see Table 2), such as Convolutional
Neural Network-based architecture, Long Short-Term Memory-based
architecture, Hybrid Deep Network-based architecture, etc.

2.2.2. Topology-preserving images

Although raw EEG data in the form of 2D matrices has been widely
used as the input of DL-based MI methods, it neglects spatial rela-
tionships between the EEG channels [30]. To address this problem,
some methods [30,44,66] utilized the position information of the EEG
electrodes to construct the input of their networks. For convenience,
we call this type of input formulation as topology-preserving images.
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Fig. 5. Examples of several commonly-used input formulations. (a) Raw EEG data in the form of the 2D matrix. (b) Topology-preserving images. (c)—(d) examples of two types

of popular calculated features.

Table 2

Classification of the reviewed papers in terms of network architecture. RD, CF and TP-Img represent raw EEG data, calculated features and

topology-preserving images respectively.

Category Subcategory Input formulations Publications
[11,21,22,24,54,86,87,90]
(1) Single-stream RD or CF [25,63,68,69,71,75,78,79]
CNN-based [10,12,23,67,70,73,74,91]
. [17,47,58-61,64,76],
2) Multi- D, CF TP-I
() Multi-stream RD, CF or TP-Img [43,50,55,62,66,77,82]
LSTM-based RD or CF [4,25,27-29,92]
Hvbrid (1) Hybrid CNN-LSTM RD or TP-Img [30,31,56,81]
y (2) Parallel CNN-MLP CF [46,83]
(3) Other hybrid architecture RD or CF [32,57]
DNN-based RD or CF [19,45,85]
DBN-based RD or CF [18,20,88,89]
MTL-based RD [36-38,51-53]

As shown in Fig. 5(b), topology-preserving images can be regarded as
a sequence of 2D data segments, each of which is built according to
the EEG electrode map. To construct topology-preserving images, zero
padding is used to extend the rows with lower number of sensors in
the EEG electrode map to make their length the same as the rows
with the largest number of sensors. More details about how to obtain
topology-preserving images could be found in [30]. Compared with the
raw EEG data, topology-preserving images preserve the complete posi-
tion information of the electrode distribution. However, constructing
topology-preserving images is also more time-consuming, and we need
to know the electrode distribution of the corresponding EEG electrode
cap. For this type of input formulation, it is often used as the input of
CNN-based methods and hybrid CNN-LSTM methods (see Table 2).

2.2.3. Calculated features

Apart from raw EEG data and topology-preserving images, many
studies utilized the features extracted from the EEG data as the input
of their models. These calculated features can be roughly categorized
as: spatial domain features, time domain features, frequency domain
features and time—frequency domain features. Time-frequency domain
features are the most common input formulation. Wavelet Transform
(WT) [67,69,70] and Short-Time Fourier Transform (STFT) [25,73] are
often used to transfer EEG signals to time-frequency feature maps.
Fig. 5(c) shows an example of time-frequency features. Since CNNs
are good for image data, the image-like time—frequency feature maps
were generally fed into CNN-based models for classification. The second
most common calculated features are spatial domain features (Refer to
Fig. 5(d)), which can be obtained by using Common Spatial Patterns
(CSP) [45,63,77] or the variants [15,78,93] of CSP. For example, the
work by [63] first extracted augmented CSP features from EEG signals,
and then the extracted CSP features are fed into a 5-layer CNN model
for MI-EEG classification. Besides, some DL-based methods also took
time domain features (e.g., numerical measures [27,28,85]), frequency
domain features (e.g., Power Spectral Density (PSD) [27,88] and Fast
Fourier Transform [18,89]) as input.

2.3. Normalization

Data normalization aims to transform the values of the dataset
into the same scale. Due to the high variability of EEG signals across
different sessions and different subjects, data normalization is often
applied to MI-EEG decoding models’ input as a standard pre-processing
step [27,61]. The most frequently used normalization function is Z-
score normalization, which can be formulated as below.

Zge =t M

o

where X is the input of a model. ;4 and ¢ represent the mean and the
standard deviation calculated over X respectively. Apicella et al. [94]
investigated and evaluated the effect of data normalization on different
EEG tasks, and they concluded that data normalization can result in
a significant improvement on various EEG tasks, including MI-EEG
models’ classification performance.

2.4. Representative network architectures

Over hundreds of Deep Learning-based models have been proposed
to classify MI-EEG signals. In terms of network architecture, we cat-
egorize the existing DL-based models into six categories: CNN-based,
LSTM-based, Hybrid Deep Network-based, Deep Neural Network-based,
Deep Belief Network-based and MTL-based. Table 2 lists the corre-
sponding publications of each category of network architecture and
summarizes the input formulations used in different network architec-
tures.

2.4.1. Convolutional Neural Network (CNN)-based methods
Convolutional Neural Network is one of the most popular DL al-
gorithms. It has been broadly applied in computer vision [95], natural
language processing [96] and speech recognition [97]. According to the
network architecture, we further classify CNN-based decoding models
into two categories, namely single-stream CNN-based networks (see
Fig. 7(a)) and multi-stream CNN-based networks (refer to Fig. 7(b)).
Single-stream CNN-based network generally consists of convolu-
tion layers, pooling layers, activation functions and fully connected
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Fig. 6. The proportion of input formulations used for each type of network architectures. (a) Single-stream CNN-based network. (b) Multi-stream CNN-based network. (c) LSTM-based
network. (d) Hybrid deep network-based models. (e¢) DNN-based network. (f) DBN-based network. Note that 100% in each pie chart represents all the reviewed models based on
the corresponding network architectures. We omit the multi-task learning-based architecture here, since all reviewed studies based on this architecture use raw EEG data as input.
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Fig. 7. Representative network architectures for MI-EEG classification. (a) Single-stream CNN-based network. (b) Multi-stream CNN-based network. (¢) LSTM-based network. (d)
Hybrid CNN-LSTM network. (e) Parallel CNN-MLP network. (f) DNN-based network. (g§) DBN-based network. (h) MTL-based network.

(FC) layers. These components are stacked to form a single-stream most popular ones (see Fig. 6(a)). The network design of a single-stream
network (refer to Fig. 7(a)). As shown in Table 2, the reviewed CNN model that takes image-like time—frequency features as input often
single-stream CNN-based methods used calculated features (e.g., time— draws on the experience of DL models for computer vision. For exam-
frequency domain features, time domain features, etc.) or raw EEG data ple, Xu et al. [73] first converted EEG data into time-frequency images
as input. time—frequency domain features and raw EEG data are the by using their STFT-based processing approach. Then, the generated
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image-like representations are fed into the proposed MI-EEG decoding
framework, which is based on a well-known deep learning model
(i.e., VGG-16 [26]) for image classification. When raw EEG signals or
time domain features are chosen as input formulation, researchers often
used computational steps of FBCSP [15], which is a SOTA traditional
algorithm, as the guidelines for network design. For instance, inspired
by FBCSP, Schirrmeister et al. [22] designed a single-stream CNN-
based model, namely Shallow ConvNet. It first performs a temporal
convolution and a spatial convolution to simulate the bandpass and CSP
filters in FBCSP. Next, a series of operations (e.g., squaring nonlinear
transformation, mean pooling and logarithmic function) are adopted to
simulate other corresponding computational steps in FBCSP.

Multi-stream CNN-based network, as shown in Fig. 7(b), com-
monly contains multiple feature extraction branches with different
configurations (e.g., the size of convolution filters, the number of
filters, etc.). For the reviewed multi-stream CNN-based methods, most
of them, such as [58,60,61], selected raw EEG data as model input
(see Fig. 6(b)). Considering that the optimal size of convolution filters
may vary from subject to subject, these methods generally adopted
several groups of 1-D convolutions with different kernel sizes to better
extract temporal and spatial features from raw EEG signals [59,60].
The features extracted by multi-scale convolutions are fused and further
processed to produce final predictions. For example, Jia et al. [60]
presented a multi-stream CNN-based network named MMCNN, which
directly takes raw EEG data as input. The proposed model consists
of five network branches. These network branches adopt convolutions
with different kernel sizes to extract multi-scale features. To obtain dis-
criminative features, the authors also added a Squeeze-and-Excitation
block [98] to each of network branches. The generated features from
different branches are then fused to make predictions.

2.4.2. Long-Short Term Memory (LSTM)-based methods

Due to the ability to detect temporal dependencies from sequential
data, some works [4,25,27-29,92] have tried to build their decoding
models based on LSTM. As shown in Fig. 7(c), LSTM-based models
typically include an input layer, at least one LSTM layer, a fully
connected layer and an output layer. Their inputs are usually the calcu-
lated features (see Fig. 6(c)). For example, Zhang et al. [27] extracted
multiple types of time and frequency domain features from raw EEG
data. These extracted features are utilized to train their proposed LSTM
model with three hidden-layers.

2.4.3. Hybrid deep network-based methods

To design more effective decoding models, some researchers have
also tried to combine different DL algorithms. According to the different
combinations, the hybrid deep network-based architectures can be fur-
ther categorized into hybrid CNN-LSTM, parallel CNN-MLP and other
hybrid architectures. Fig. 6(d) illustrates that the proportion of different
input formulations used for the reviewed hybrid deep network-based
models.

Hybrid CNN-LSTM methods, as illustrated in Fig. 7(d), is the most
common hybrid architecture, generally having a CNN sub-network, fol-
lowed by a LSTM sub-network. This design aims to simultaneously learn
spatial and temporal features from EEG data. The input formulation
of hybrid CNN-LSTM models can be raw EEG data, calculated fea-
tures or images. A well-known hybrid CNN-LSTM network is Cascade
Model [81], which mainly consists of a 2D-CNN, two stacked LSTM
layers and fully connected layers. It takes 2D data meshes that preserve
position information of EEG electrodes as input. The 2D-CNN extracts
spatial features from the mesh-like representations, while the stacked
LSTM layers are used to learn dependencies among time steps.

Parallel CNN-MLP methods (refer to Fig. 7(e)) fuse features
learned from the CNN-based and MLP-based sub-networks for MI-EEG
classification. The input to different sub-networks is generally differ-
ent types of calculated features. A representative Parallel CNN-MLP-
based method is the work of [46], where a CNN-based sub-network
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is designed for refining dynamic energy features, and a MLP-based
sub-network is adopted for static energy features.

Other Hybrid Architectures. Apart from the aforementioned two
types of combinations, some works [32,57] proposed decoding mod-
els based on other hybrid architectures. Due to the fact that these
combinations are less common, we classify them into Other Hybrid
Architectures. For example, Dai et al. [32] presented a DL-based MI-
EEG framework, which combines CNN and Variational Autoencoder
(VAE) [99]. Most recently, Hou et al. [57] designed a novel decoding
model named attention-based BiLSTM-GCN for MI-EEG classification.
This is the first model that combines Bidirectional Long Short-Term
Memory (BiLSTM) [100] and Graph Convolutional Neural Network
(GCN) [101].

2.4.4. Deep Neural Network (DNN)-based methods

Some early works [19,45,85] developed their models based on DNN
for MI-EEG classification (see Fig. 7(f)). As shown in Fig. 6(e), raw EEG
data or calculated features are the most common input formulations.
For instance, CSP-DNN [45], a typical DNN-based method, contains
two hidden layers. This model takes CSP features extracted from raw
EEG data as input. The reported results show that it can outper-
form some well-known non-DL methods. Compared with CNNs, DNNs
with the same number of layers usually have much more trainable
parameters, which can lead to expensive computational complexity
and makes the models easily suffer from overfitting. Therefore, DNN-
based architecture has been rarely developed for MI-EEG classification
recently.

2.4.5. Deep Belief Network (DBN)-based methods

Like DNN-based models, the existing DBN-based models are gener-
ally developed by early works, such as [18,20,88]. For the reviewed
DBN-based methods, they either directly used raw EEG data [88] or
calculated features, e.g. frequency domain features FFT [18,20], as
input (see Fig. 6(f). As shown in Fig. 7(g), DBN-based models are
typically constructed by stacking Restrict Boltzmann Machine (RBM).
The features extracted by the stacked RBMs are finally classified by a
classifier. For example, FDBN [20], as one of representative DBN-based
models, is a four-layer network, containing three RBMs and a softmax
layer. This model adopts the extracted frequency domain features as
input. The reported results in [20] showed its superior performance
over several classical tradition methods.

2.4.6. Multi-task learning (MTL)-based methods

All aforementioned network architectures only learn a single task,
i.e., MI-EEG classification, within their networks. Unlike these models,
some recent works [37,38,51] have explored multi-task learning (MTL)
in MI-EEG classification. Inspired by the human brain’s learning system,
these works utilize other related tasks to assist MI-EEG classification.
The common tasks in the MTL-based architectures that assist MI-EEG
classification mainly include input reconstruction [37,51], classifying
non-target EEG datasets [38,53] and discriminating source and target
domains [36,52]. By leveraging on these related tasks, MTL-based
model performance on the target task of MI-EEG classification can be
improved. However, the additional network branches created for these
other tasks might increase the complexity of the training process [53].
As shown in Fig. 7(h), a common design pattern of MTL-based archi-
tecture involves initially employing a shared network for extracting
feature representations from inputs, followed by the distinct network
branches for different tasks. During the training process, multiple tasks
are learned simultaneously. For instance, DMTL-BCI [51], as a typical
MTL-based MI-EEG classification model, first utilizes a representation
module to learn features from the original input. Then, the learned
features are transmitted into the classification module for MI-EEG
classification and the reconstruction module for input reconstruction.
Two tasks are jointly optimized simultaneously. The reported results in
the original paper show superior performance over some representative
MI-EEG models, such as EEGNet [21] and shallow ConvNet [22].
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Summary of public MI-EEG datasets. Note that LH (Left hand), RH (Right Hand), RF (Right Foot), BF (Both Feet), T (Tongue), BH (Both Hands) and R (Rest) represent the

imagination of different movements.

Dataset Source Year #Subjects Sampling rate #channels MI tasks Citations
ﬁcé competition [107] 2003 1 128 Hz 3 LH/RH [24,69]
BCI competition [108] 2006 5 1000 Hz 118 LH/RH/RF [10,45,71,85]
IIT IVa
[11,21,22,24,31,63,86]
BCI competition [23,46,59-61,78,79]
IV 2a [109] 2008 9 250 Hz 22 LH/RH/BF/T [17,47,55,62,64,66,81]
[28,29,36,50,53,83,89]
[37,38,51]
BCI competition [11,25,46,59,60,69,70]
IV 2b [110] 2008 ° 250 Hz 3 LH/RH [25,29,53,61,64,74,85]
PhysioNet [111] 2009 109 160 Hz 64 LH/RH/BH/BF/R [27,30,44,54,58,68,92]
[4,43,57]
High-Gamma [22] 2017 14 500 Hz 128 LH/RH/BEF/R [17,22,38,47,61]

2.5. Regularization

Regularization is a technique that aims to avoid overfitting in
deep learning. Several regularization methods have been widely used
in DL-based MI-EEG classification, mainly dropout, batch normaliza-
tion, L1/L2 regularization, network parameter initialization, sample
preprocessing, data augmentation and transfer learning.

Dropout [102] is a frequently used regularization technique, where
a specific ratio of neurons are randomly discarded during the training
process. Several representative MI-EEG models, such as [21,22,47], use
dropout during training. In Section 3.3, we investigate the effect of
using dropout on the model performance through ablation study.

Batch normalization has been verified to help the networks con-
verge faster by normalizing the inputs of their intermediate layers
[103]. It has been applied in many MI-EEG classification models [21,
47,78].

L1 and L2 regularization are also used by some methods [76,80] for
MI-EEG classification. By adding the regularization term, the overfitting
problem can be reduced during training. The more details about this
type of regularization can be found in [102].

The existing works generally do not specify how their network
parameters are initialized. By investigating the models with available
source code (See Table 5), we found Glorot initialization [104] is the
most commonly-used way to initialize network parameter. A recent
survey paper [105] systematically discusses and summarizes weight
initialization strategies for deep neural networks, which might be able
to help future studies choose the appropriate ways to initialize network
parameter.

Appropriate sample preprocessing strategies can also help reduce
overfitting during training. Normalization and data filtering are the two
most common sample preprocessing strategies in MI-EEG classification.
The former is briefly discussed in Section 2.3. As for the latter, it
aims to eliminate noise and unnecessary information. A recent survey
paper [106] well summarizes data filtering in MI-EEG classification,
which could provide more insights about this topic.

Data augmentation and transfer learning are also two types of
regularization techniques used in MI-EEG classification. We discuss
them in detail in Sections 4.2 and 4.3 respectively.

2.6. MI-EEG datasets and evaluation metrics

2.6.1. MI-EEG datasets

Many MI-EEG datasets have been collected and used so far. Here,
we only focus on the six most commonly used public MI-EEG datasets,
as summarizes in Table 3.

Among these public MI-EEG datasets, BCI competition IV 2a is the
most popular one, which is used in 31 reviewed studies (see Fig. 8),
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Fig. 8. The popularity of different public MI-EEG datasets used in the reviewed papers.

Note that some reviewed studies, such as [22,47,61], use multiple datasets, and some
other studies [12,90] only use private datasets.
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Fig. 9. Distribution of the reviewed studies that perform the within- or cross-subject
classification task on six commonly-used public datasets. Note that some reviewed
studies, such as [22,47,61], use multiple datasets, and some other studies [12,90] only
use private datasets.

followed by BCI competition IV 2b (14 reviewed studies) and the
Physionet dataset (11 reviewed studies). The works that used these
three datasets account for the majority of the total of the reviewed
studies. The most recent public dataset, High-Gamma, is used in only 5
reviewed studies. Considering its publication time, it may be used more
frequently in future studies.
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Fig. 10. The proportion of the reviewed studies that choose to perform different MI-EEG classification tasks on different public datasets. (a) BCI competition III IVa. (b) BCI
competition IV 2a. (c) PhysioNet. Note that 100% in each pie chart represents all the reviewed papers using the corresponding datasets.

In terms of performance evaluation, researchers perform either
within- or cross-subject classification on their selected datasets. Within-
subject classification uses the data from the same subject for training
and testing models, while cross-subject classification means the training
data and test data are from different subjects. As shown in Fig. 9, the
reviewed studies generally performed within-subject classification on
some earlier datasets (BCI competition II 3, BCI competition III IVa,
etc.), and cross-subject classification on newer datasets, such as the
PhysioNet dataset and the High-Gamma dataset. This is because earlier
datasets usually contain a small number of subjects with a large number
of the collected trials for each subject. However, recent datasets usually
contains more subjects enabling researchers to conduct cross-subject
analysis on them.

MI-EEG datasets often contain different numbers and types of MI
tasks (refer to Table 3). For BCI competition II 3 and BCI competition IV
2b, they only contain two MI tasks: imagining the movement of the left
hand and imagining the movement of the right hand. Reviewed works
that selected these two datasets can only perform binary classifications
(left hand vs. right hand).

However, the situation is a bit more complicated for other several
public MI-EEG datasets with more MI tasks. For these datasets, the
existing works may perform different classification tasks on them (see
Fig. 10). As shown in Fig. 10(a), all the reviewed papers that used BCI
competition III IVa chose to perform binary classification. However,
half of them performed right hand vs. left hand classification, while
the other half did right hand vs. left feet. For BCI competition IV 2a,
most of the studies (83.9%) performed four-class classification task
on the dataset (refer to Fig. 10(b)), and the others chose to classify
left hand vs. right hand. With regard to PhysioNet, the most common
choice (33.3%) is to perform the left hand vs. right hand classification
(see Fig. 10(c)). Note that Fig. 10 omits the High-Gamma dataset,
since all reviewed studies using this dataset only performed four-class
classification on it.

2.6.2. Metrics

By investigating the existing methods, we find that there are eight
metrics for model assessment. They are Accuracy, Precision, Recall, F1-
score, Area Under Curve (AUC) score, Cohen’s Kappa, Specificity and
Sensitivity [50,112], where Accuracy, F1-score, AUC score and Cohen’s
Kappa are most commonly-used ones.

The articles [112,113] provide a detailed summary of how to use
these metrics to evaluate binary and multi-class classification.

3. Evaluation and analysis

In this section, we first point out several common problems in
performance comparison of existing studies and provide guidelines
for fair performance comparison (See Section 3.1). Then, we evaluate
and analyse 13 representative DL-based MI-EEG classification models,
which cover several most common network architectures in Section 3.2.
Finally, we further explore the effect of some design factors on model
performance by using ablation study in Section 3.3

3.1. Existing problems in performance evaluation

Performance comparison is the common way to verify the effec-
tiveness of the proposed models. However, we find several problems
that limits MI-EEG researchers in this area to directly compare the
results reported in the papers due to the inherent dissimilarities of
their evaluation criteria and methodologies. We discuss these common
problems as follows.

Different meanings of cross-subject classification in different
works. Within-subject (also called intra-subject) and cross-subject (also
called inter-subject) validation are two widely-used validation schemes.
Within-subject validation [47,50] uses part of a subject’s data for train-
ing and the remaining data of the same subject for testing. This process
is repeated for each subject in the dataset. However, we find that there
are three different cross-subject validation schemes: leave-n-subjects-
out, mix-up-all-subjects and random-selection. (1) leave-n-subjects-out.
In the medicine field, such a validation scheme is also often called
subject-wise data split [114]. Many existing methods, such as [21,44,
54], adopt this cross-subject validation, where data from a specific
number of subjects is selected as the training set, and data from the
remaining subjects is used as the test set. This validation scheme is often
applied in the scenario where BCI systems are used to predict unseen
subjects’ MI-EEG data. In fact, an ideal MI-EEG based BCI system should
be able to accurately classify unseen subjects’s signals [48]. (2) mix-up-
all-subjects. In the real world, it is quite realistic to perform follow-up
on the same subject after a period of time. With the mix-up-all-subjects
scheme, the training data from each subject in the dataset is collated
together and used for training the model. The remaining data of each
subject is collated together and used to test the trained model [64,91].
By investigating the reviewed papers, we find this validation scheme is
not frequently used. Compared with the leave-n-subjects-out scheme,
this one is often considered as an easier classification task [91]. (3)
random-selection. In the medicine field, it is also often called record-
wise data split [114]. Specifically, some works [30,43,58] randomly
select a specific ratio of data from the whole dataset for training
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Table 4
Recommendations for performance comparison.
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Guidelines

Description

Use source code or the verified implementations of
decoding models for comparison

Researchers should select the decoding models, with publicly
available source code, as the baseline models. Otherwise,
reimplemented version of the code should be verified by the
authors of the original method.

Researchers should make sure all the compared models are trained

2 Compare models under the same conditions ..
on the same training data and are evaluated on the same test data.
. . . If the authors use their private dataset, they should also evaluate
3 Avoid only evaluating the models on the private data R . . P Y
their models with public datasets.
. . . . . If the authors perform the cross-subject evaluation, they should
4 Specifically give which type of cross-subject validation used. . . P . ) A Y
specifically illustrate the cross-subject validation scheme used.
. . . . To facilitate future studies in our community, we advocate
5 Release the source code and provide detailed instructions Y,

researchers to make their source code publicly available.

and the remaining data for testing. When this cross-subject scheme is
used, there are three possible situations for the prepared training set
and test set. The first one, like the leave-n-subjects-out scheme, the
generated training set and test set contain data from different subjects.
The second one is that both training set and test set contain part of
all subjects’ data, which is similar to the mix-up-all-subject scheme.
The third situation is that the test set contains part of data of some
subjects in the training set but also contains some subjects that are not
included in the training set. If researchers do not specifically illustrate
which type of cross-subject scheme they used, the inconsistency in
the meaning of cross-subject classification could cause confusion in
the performance evaluation. Here, we recommend the use of leave-n-
subjects-out scheme because an ideal BCI system should have the ability
to accurately classify MI-EEG signals of new subjects [64] and the
leave-n-subjects-out cross-subject scheme can well validate the models’
ability in this respect.

Different evaluation strategies used in performance compari-
son. Fair model comparison should ensure that all compared models
perform the same classification tasks. However, there exist inconsisten-
cies in model comparison for some studies, such as [30,43,92]. These
inconsistencies could lead to invalid and unfair model comparison. For
example, in these works, their proposed models and some compared
models were evaluated on different classification tasks, i.e., different
numbers of classes (binary vs. multi-class) and different analysis types
(within-subject vs. cross-subject). Considering that the existing works
adopt different evaluation strategies for model comparison, directly
using and analysing the classification results reported by different
works, like what was done in the most recent MI-EEG survey [42]
can be misleading and it would not provide accurate and meaningful
insights. For instance, the review paper [42] recommends time-series
input formulation because the average classification accuracy of the
reviewed models using time-series input formulation is higher than that
of the reviewed works that take images or calculated features as input.
Unfortunately, the authors have only used the reported results from
different papers, which are often obtained by using different evaluation
strategies (e.g., different ways to prepare training data and test data).
Different evaluation strategies could significantly impact the model
performance [31]. Thus, these results could not be directly compared
or averaged—leading to incorrect conclusions.

Selected baseline models without available source code. Some
DL-based MI-EEG classification models do not have their source code
publicly available, and sometimes important implementation details
of the models are not stated in the original papers either. To be
able to do performance comparison with those models, researchers
must re-implement them according to their own interpretations. In
such situations, the classification performance of the re-implemented
versions could significantly differ from the original ones—leading to
invalid and unfair performance comparison.

Performance comparison only conducted on the private
datasets. The existing DL-based studies generally used public MI-EEG
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datasets (refer to Section 2.6) to evaluate their methods. However,
there are also some works [12,90] that only evaluated their models
on private datasets. Due to the unavailability of these datasets, the
quality of the private data is unknown. Thus, if the researchers only
compare their proposed methods with the baseline models on their
private datasets, the evaluation results could be biased. Besides, the
performance of the models evaluated on these private datasets cannot
be verified by other researchers, which reduces the credibility of the
results.

Since the aforementioned problems could make performance com-
parison invalid and/or unfair, it is necessary to standardize the compar-
ison of results in the field of DL-based MI-EEG classification. Thus, we
present several guidelines (see Table 4) that other researchers can use
to precisely and fairly evaluate the performance of DL-based MI-EEG
decoding models.

3.2. Performance evaluation for representative DL-based MI-EEG decoding
models

In our approach, we carefully select decoding models by following
three criteria. The first one is that the selected models’ architecture
should be one of the mostly common architectures: single-stream CNN-
based architecture, multi-stream CNN-based architecture, LSTM-based
architecture and hybrid CNN-LSTM-based architecture. The second one
is that the selected models are generally highly cited and/or published
in reputable conferences or journals. Thirdly, following our recom-
mended guidelines in Table 4, the selected models should have their
source code publicly available.

According to our criteria, we select 12 representative DL-based
MI-EEG decoding methods (see Table 5) from the 67 papers that we
reviewed. Besides, we also acquire the source code of MBEEGNet [50]
from the authors, since we need to use it to comprehensively investigate
the effect of feature fusion on the performance of multi-stream CNN-
based models (Refer to Section 3.3). Thus, we finally evaluate 13
models from 67 papers that we reviewed. For fair performance eval-
uation and comparison, all models are trained and tested on the same
GPU, i.e., an Nvidia Quadro P6000. The selected benchmark datasets
are the two most commonly used public MI-EEG datasets shown in
Table 3, i.e. BCI Competition IV 2a and the PhysioNet; and we adopt
four metrics (i.e., Accuracy, F,-score, AUC score and Cohen’s Kappa)
to measure the chosen models.

3.2.1. Experiment setup

The performance evaluation setup of the selected classification mod-
els on two public datasets are illustrated in detail as follows.
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Table 5
Representative MI-EEG decoding models with publicly available source code. Note that we refer to [54] as ETENet for the sake
of convenience.
Model category Year Framework Model Github link
Single-stream CNN 2017 Pytorch ShallowConvNet [22] https://github.com/braindecode/braindecode
Single-stream CNN 2017 Pytorch DeepConvNet [22] https://github.com/braindecode/braindecode
Single-stream CNN 2018 Tensorflow EEGNet-4,2 [21] https://github.com/vlawhern/arl-eegmodels
Single-stream CNN 2018 Tensorflow EEGNet-8,2 [21] https://github.com/vlawhern/arl-eegmodels
Single-stream CNN 2018 Tensorflow ETENet [54] https://github.com/hauke-d/cnn-eeg
Single-stream CNN 2019 Tensorflow PCNN model [25] https://github.com/gumpy-bci/gumpy-deeplearning
Multi-stream CNN 2020 Tensorflow EEGNet fusion [58] https://github.com/rootskar/EEGMotorImagery
Multi-stream CNN 2021 Pytorch TS-SEFFNet [47] https://github.com/LianghuiGuo/TS-SEFFNet
LSTM 2019 Tensorflow LSTM model [25] https://github.com/gumpy-bci/gumpy-deeplearning
Hybrid CNN-LSTM 2018 Tensorflow Cascade Model [30] https://github.com/dalinzhang/Cascade-Parallel
Hybrid CNN-LSTM 2018 Tensorflow Parallel model [30] https://github.com/dalinzhang/Cascade-Parallel
Hybrid CNN-LSTM 2020 Pytorch C-LSTM [31] https://github.com/dfreer15/DeepEEGDataAugmentation
Table 6

Classification performance of representative deep learning-based MI-EEG models on PhysioNet and BCI competition IV 2a. Each of the metrics listed in the table is averaged over
all evaluation sets. Bold values and italic values indicate the best performance and chance-level performance respectively. Note that the model performance reported in this table
might differ from the reported results in other papers because we have utilized different evaluation strategies to the ones used by the model’s original authors.

Model #Parameter PhysioNet (Two classes) BCI IV 2a (Four classes)

Acc (%) F1-score AUC Kappa Acc (%) F1-score AUC Kappa
Shallow ConvNet [22] 105.7K 75.33 0.746 0.838 0.506 56.29 0.559 0.792 0.417
Deep ConvNet [22] 303.9K 77.89 0.766 0.876 0.558 42.53 0.411 0.689 0.234
EEGNet-4,2 [21] 1.39K 77.44 0.776 0.863 0.549 56.66 0.548 0.787 0.422
EEGNet-8,2 [21] 2.47K 77.51 0.777 0.859 0.55 52.37 0.479 0.78 0.365
ETENet [54] 305.5K 76.05 0.758 0.847 0.521 38.5 0.371 0.652 0.18
PCNN [25] 170.7K 57.60 0.567 0.613 0.152 36.84 0.354 0.625 0.158
Cascade Model [30] 1.49M 58.62 0.583 0.631 0.185 34.31 0.332 0.589 0.107
Parallel Model [30] 1.47M 56.73 0.547 0.591 0.149 35.42 0.346 0.621 0.13
LSTM Model [25] 99.1K 49.93 0.494 0.507 —-0.003 26.08 0.246 0.506 0.001
EEGNet fusion [58] 22.9K 76.18 0.784 0.849 0.523 44.31 0.381 0.759 0.258
MBEEGNet [50] 9.4K 75.99 0.755 0.853 0.52 41.07 0.337 0.76 0.21
C-LSTM [31] 66.1K 74.72 0.736 0.797 0.495 69.1 0.679 0.889 0.587
TS-SEFFNet [47] 359.8K 67.08 0.667 0.759 0.342 42.59 0.39 0.74 0.235

MI-EEG decoding models evaluated on the PhysioNet dataset. As described
in Section 2.6, there are various classification tasks that we could
perform on this dataset (see Figs. 9 and 10). However, the most
commonly used evaluation setup is to conduct cross-subject analysis on
left hand vs. right hand classification [27,44]. Thus, we use it as well
in our evaluation. Furthermore, like the previous works [30,43,44], we
remove the low-quality recordings, i.e., the MI-EEG data of subject #88,
#89, #92, #100 and #104.

In our evaluation, we use MI-EEG data (MI movement of left hand
and right hand) of 104 subjects. To conduct cross-subject analysis, 70%
of the subjects are randomly chosen for training, 10% for validation and
20% for testing. To reduce the chance of selection bias, we prepare
five different evaluation sets, each of which contains a training set,
a validation set and a test set. During the training process, early
stopping is used to monitor the validation loss, and the hyperparameter
“patience” is set to 30.

MI-EEG decoding models evaluated on the BCI competition IV 2a dataset.
BCI Competition IV 2a dataset contains EEG data recorded from 9 sub-
jects. As explained in Section 2.6, existing works generally performed
within-subject four-class classification on this dataset (see Figs. 9 and
10). Thus, we too evaluate the representative methods under within-
subject four-class classification on this dataset. Considering the amount
of EEG data for each subject, we adopt the similar validation scheme
as [21], where four-fold cross-validation is used for within-subject
analysis on the BCI competition IV 2a dataset. Specifically, two of
the four folds are chosen for training, one fold for validation and
the final fold for testing. To prevent models from overfitting, we use
early stopping during training, where training will be terminated when
validation loss does not decrease in 30 epochs.

3.2.2. Classification results
Table 6 shows classification performance of 13 representative MI-
EEG decoding models on the two widely-used public datasets. Firstly,
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it can be seen that a simple LSTM-based model [25] can only achieve
around chance-level accuracy on two benchmark datasets. One possible
reason for such a poor classification performance is the insufficient net-
work depth, since this model only has one LSTM layer. To investigate
whether stacking more LSTM layers could improve model performance,
we further evaluate the classification performance after adding more
layers to this model. More details and discussion will be presented in
our ablation study in Section 3.3.

Secondly, our evaluation results show that Shallow ConvNet,
EEGNet-4,2 and EEGNet-8,2 achieve very competitive classification
performance on both datasets. Among them, the two different config-
urations of EEGNet not only perform well but also are highly compact
(see Table 6). This shows the potential of developing accurate yet
lightweight decoding models. Although Deep ConvNet and ETENet
can achieve the same level of performance as the aforementioned
three single-stream CNN based models on the PhysioNet dataset, they
perform significantly poorly (See Table 7) on BCI IV competition 2a,
as shown in Table 6. Studying these two models carefully, we find
that they are closely related to Shallow ConvNet. Deep ConvNet can
be regarded as the “deeper” version of Shallow ConvNet, containing
more convolutional layers. Considering the size of training data and
how Shallow ConvNet could perform better than Deep ConvNet, we
think the main reason for Deep ConvNet poor performance on BCI
competition IV2a is due to insufficient data, which hinders this deeper
CNN to reach its full potential [22]. As for ETENet, its network
architecture is fundamentally Shallow ConvNet with an additional fully
connected (FC) layer before the output layer and with no Dropout
after the pooling layer. These differences seem to be the reason for
performance difference between Shallow ConvNet and ETENet. We will
further investigate the effect of these differences on performance in our
ablation study in Section 3.3.

Note that all the aforementioned single-stream CNN-based models
take raw EEG data as input. To investigate the performance of models
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Wilcoxon Signed-Rank test for comparing several representative single-stream CNN-based models.

P-value (PhysioNet)

P-value (BCI IV 2a)

ETENet vs. EEGNet-4,2

ETENet vs. EEGNet-8,2

ETENet vs. Shallow ConvNet

Deep ConvNet vs. EEGNet-4,2
Deep ConvNet vs. EEGNet-8,2
Deep ConvNet vs. Shallow ConvNet

0.556
0.588
0.225
0.434
0.465
0.043

0.008
0.011
0.008
0.01

0.019
0.015

using time—frequency domain features as input, we also evaluate a
representative single-stream CNN-based model (i.e., pCNN [25]) whose
input is time—frequency spectrogram images. Our evaluation results
(See Table 6) show pCNN performs significantly poor (p — values <
0.05, Wilcoxon Signed-Rank test) on PhysioNet and BCI competition
IV 2a datasets, compared to other single-stream CNN models like
EEGNet-4,2 and Shallow ConvNet. A possible explanation for its poor
performance is that the authors of pCNN only use three EEG channels
corresponding to the electrodes C3, C4 and Cz to generate spectrogram
images. Thus, some useful information that exists in other channels
cannot be utilized by the model to better classify different MI-EEG
signals. Unfortunately, we could not investigate the performance of
other models, such as [12,74,82], which also used time-frequency
domain features as input because their source code is unavailable. This
could be explored in future studies when more related works publicly
release their code.

Apart from several single-stream CNN-based models, we also eval-
uate three representative multi-stream CNN-based networks, namely
EEGNet fusion, MBEEGNet and TS-SEFFNet. Although these three mod-
els have more complex network architectures, they do not show bet-
ter classification performance (Refer to Table 6) than some simple
single-stream CNN-based models, i.e., EEGNet-4,2 and EEGNet-8,2.
By studying their network architecture, we find that EEGNet fusion
and MBEEGNet are closely related to EEGNet. In fact, both EEGNet
fusion and MBEEGNet have three feature extraction branches, which
are different configurations of EEGNets without the output layer. The
features from three different feature extraction branches are simply
concatenated for the final predictions. Considering the architectural
relationship among EEGNet, EEGNet fusion and MBEEGNet and their
classification performance, we can reasonably suspect that effective
feature fusion may be a key factor to affect the performance of multi-
stream CNN-based models. In our ablation study in Section 3.3, we
will explore the effect of feature fusion on multi-stream CNN-based
decoding models.

Finally, for the three hybrid CNN-LSTM models, C-LSTM shows
superior performance (p — values < 0.03, Wilcoxon Signed-Rank test)
over two classical hybrid CNN-LSTM models (i.e., Cascade Model and
Parallel Model). Especially on BCI IV 2a, C-LSTM achieves the best
classification accuracy (69.1%) among all evaluated models. In fact,
this model is an expanded version of Shallow ConvNet. The authors
utilized an additional LSTM layer to capture the temporal dependencies
between features for making better decisions. For Cascade Model and
Parallel Model, although both of them adopted seemingly more sophis-
ticated input formulation, i.e., topology-preserving images and contain
much more learnable parameters, their performance is mediocre on the
two datasets.

3.2.3. Efficiency for representative models

Apart from model performance, model efficiency is also an impor-
tant metric. In this part, we further evaluate and analyse the training
and testing time of the representative MI-EEG models. Table 8 shows
the runtime performance of 13 representative models on two public
datasets. Here, three points need to be noted. (1) The work [115]
demonstrates that the same deep learning model exhibits varying run-
times when implemented with different deep learning frameworks.
Thus, some results with close values in Table 8 may not be directly
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comparable because the source code of different models could be based
on different deep learning frameworks (e.g., tensorflow and pytorch).
Table 5 lists the deep learning framework that each model’s source code
is based on. (2) A small number of epochs do not mean that the models
take less training time, e.g., Cascade Model, LSTM Model, etc. (3) To
better evaluate runtime performance of the representative models, we
test each model five times and then calculate the mean values and the
standard deviations.

According to Table 8, we have several observations. Firstly, apart
from LSTM Model, all compared models that take raw EEG data as
input are trained faster than the models, e.g., Cascade Model, Parallel
Model and pCNN, whose inputs are topology-preserving images or
time—frequency spectrogram images. This might be attributed to two
reasons: (1) Models that utilize topology-preserving or spectrogram
images as input often employ more complex network architectures,
such as hybrid CNN-LSTM networks. However, the models that use
raw EEG data as input (e.g., EEGNet and Shallow ConvNet) are often
based on CNN architectures, which are usually simple and contain less
trainable parameters. (2) Some of these models that take the calculated
features as input, e.g., pCNN, incorporate an additional preprocessing
step to convert raw EEG data into images. However, the models that use
raw EEG data as input do not have such an additional step. Secondly,
CNN-based models typically require less training time compared to
both LSTM-based models, where the LSTM unit performs intricate
computations at each time point, and hybrid CNN-LSTM models, such
as Parallel Model, which often feature complex network architectures.
For example, a representative CNN-based model, i.e., ETENet, only
spends around 131.6 s and 15.7 s finishing the training process on
PhysioNet and BCI IV 2a respectively, while LSTM model needs around
15,614 s and 2416.6 s to finish the training process on the two datasets
respectively. However, this does not mean non-CNN-based models will
always be slower to train than the CNN-based models. C-LSTM is a
typical example. This model only spends about 219.65 s and 38 s
finishing the training process on two datasets respectively, which is
faster than many CNN-based models, such as pCNN, EEGNet fusion,
TS-SEFFNet, and so on. As illustrated in Section 3.2.2, C-LSTM simply
modifies a compact model, i.e., Shallow ConvNet. This can explain why
it only needs relatively less time for training. Thirdly, all evaluated
models only require a small amount of time to make a prediction on the
test dataset (we called this testing time). Specifically, most of models
can complete the prediction of 115 EEG trials within one second, except
several models with complex architectures and/or a large number of
parameters, e.g., EEGNet fusion, Cascade Model, etc. LSTM model is the
slowest at making a prediction, but its testing time is still acceptable
(about 11 s).

3.3. Ablation study for representative models

In this section, we explore the effect of some design factors on
the performance of typical architectural designs using ablation study.
Before we discuss and analyse the results of our ablation study, we
first introduce the three types of ablation studies that are commonly
conducted in DL-based MI-EEG classification: network architecture ab-
lation, feature ablation and channel ablation. (1) The network archi-
tecture ablation [30,116] analyzes the effect of specific parts of the
DL model on the model performance by removing the corresponding
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Runtime performance of representative DL-based MI-EEG models. Bold values indicate the minimum time cost or minimum number of training
epochs, while italic values represent the maximum time cost or maximum number of training epochs. All models are evaluated on the same
machine with a GPU, i.e.,, Nvidia Quadro P6000. Testing time represents the total time the models take to predict 115 EEG trials. s means

seconds.

Model PhysioNet BCI IV 2a Testing time (s)

#Epoch Training time (s) #Epoch Training time (s)

Shallow ConvNet 67 + 10 194.8 + 27.5 92 + 55 48.8 + 29.8 0.14 + 0.01
Deep ConvNet 55 + 12 167.6 + 26.9 69 + 4 38.0 + 21.6 0.152 + 0.01
EEGNet-4,2 153 + 46 460.8 + 148.1 229 + 50 252.6 + 54.6 0.199 + 0.12
EEGNet-8,2 122 + 29 367.8 + 87.9 212 + 44 39.3 + 8.0 0.217 + 0.07
ETENet 43 +9 131.6 + 30.0 37 +7 15.7 + 1.0 0.156 + 0.02
PCNN 60 + 5 1523.6 + 127.1 87 + 18 615.6 + 123.4 0.794 + 0.02
Cascade Model 32+1 2710 + 132.8 36 + 4 352.7 + 37.8 4.0 + 0.07
Parallel Model 35+ 3 3261.5 + 266.9 4117 389.9 + 53.2 3.55 + 0.04
LSTM Model 38+6 15,614.8 + 2054.6 62 + 31 2416.6 + 12234 11.07 + 0.31
EEGNet fusion 55+ 6 605.6 + 67.1 73 + 21 183.7 + 52.7 1.35 + 0.08
MBEEGNet 51 +5 307 + 28.6 75 + 36 26.75 + 12.7 0.347 + 0.03
C-LSTM 63 +3 219.65 + 9.6 78 + 20 38.0 + 2.0 0.24 + 0.05
TS-SEFFNet 41 +3 580.3 + 46.7 32+ 2 23.4 £ 1.6 0.45 + 0.04

Table 9

Wilcoxon Signed-Rank test for comparing EEGNet fusion with its EEGNet branches.
Baseline is EEGNet fusion. The structure of EEGNet fusion-B1, -B2 and -B3 are shown
in Fig. 11(a).

P-value (PhysioNet) P-value (BCI IV 2a)

Baseline vs. EEGNet fusion-B1 0.685 0.26
Baseline vs. EEGNet fusion-B2 0.345 0.313
Baseline vs. EEGNet fusion-B3 0.786 0.173

Table 10
Wilcoxon Signed-Rank test for comparing MBEEGNet with its EEGNet branches.
Baseline is MBEEGNet. The structure of MBEEGNet-B1, -B2 and -B3 are shown in
Fig. 11(b).

P-value (PhysioNet) P-value (BCI IV 2a)

Baseline vs. MBEEGNet-B1 0.054 0.066
Baseline vs. MBEEGNet-B2 0.068 0.314
Baseline vs. MBEEGNet-B3 0.343 0.859

parts from the model. (2) Feature ablation [117] is a procedure where
each input feature is replaced by a given reference, and its performance
difference to the original performance is calculated and examined. (3)
Channel ablation (CA) [24] investigates the effect of the specific EEG
channels on model performance by removing some EEG channels or
only using some specific channels.

Here, we mainly focus on network architecture ablation to shed
light on the future design of DL models.

+ Effective feature fusion could be indispensable for design-
ing accurate multi-stream CNN-based models. Two of the
multi-stream CNN-based models we evaluate, EEGNet fusion and
MBEEGNet, consist of an input layer, three different branches,
a feature concatenation layer and an output layer. Each of their
branches has the same architecture as EEGNet without the output
layer (See Fig. 11). As mentioned in Section 3.2, these two
models (i.e., EEGNet fusion and MBEEGNet) do not show supe-
rior performance over two configurations of EEGNet on the two
datasets.

This leads to a question: Are the two aforementioned multi-stream
CNN-based models (with multiple branches) more accurate than three
different configurations of EEGNet corresponding to each of their
branches respectively? If not, it means that simply concatenating
features extracted by different branches is not a good design
choice.

To answer the question, we evaluate the classification perfor-
mance of each branch of EEGNet fusion and MBEEGNet respec-
tively on the two public datasets. Specifically, we use the corre-
sponding source code of each branch of the two models and add
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an output layer to each of them. By doing so, we obtain three EEG-
Net models with different configurations based on EEGNet fusion
and MBEEGNet respectively (See Fig. 11). Then, we compare the
classification performance of EEGNet fusion and MBEEGNet with
the obtained corresponding EEGNet models respectively.

Tables 11 and 12 show the results of the ablation study. It can
be seen that some branches of EEGNet fusion outperform the
complete model in some cases (Refer to Table 11). Similarly,
Table 12 shows some branches of MBEEGNet perform better
than the complete model in some cases. To evaluate whether the
differences of average accuracy shown in Tables 11 and 12 are
random or not, we further conduct Wilcoxon Signed-Rank test
shown in Tables 9 and 10.

From Table 9, we see there is no statistically significant difference
between EEGNet fusion and its EEGNet branches (p — values >
0.15) on the two datasets. Likewise, we do not see a signifi-
cantly performance difference between MBEEGNet and its EEG-
Net branches (p — values > 0.05) in Table 10. This illustrates that
simply fusing features from different feature extraction branches
cannot bring improvement on classification performance. The
main reason might be that fusing different features without fea-
ture selection often leads to accumulation of irrelevant informa-
tion [118], which can negatively affect model performance. Thus,
feature fusion layers should be carefully designed for multi-stream
CNN-based models.

LSTM should be combined with techniques that can extract
spatial features when using raw EEG data as input. As shown
in Section 3.2, LSTM with one hidden layer could only achieve
chance-level accuracy on the two public datasets. To investigate
if this poor performance is caused by insufficient number of
LSTM layers, we test the classification performance of LSTM
with more hidden layers. The performance results are shown in
Table 13. According to the Wilcoxon Signed-Rank test shown in
Table 14, there is no significant increase of performance after
stacking more LSTM layers (up to 5 hidden layers). This means
that simply adding more LSTM layers to a LSTM model cannot
bring significant improvement on classification performance. The
main reason could be that pure LSTM models generally lack the
ability to capture spatial dependencies between EEG channels,
although LSTM layers are capable of learning temporal features.
A feasible strategy to improve model performance is to combine
LSTM with other techniques that can learn spatial dependencies
between EEG channels, such as CNN [30,81] or CSP [15].

To find out whether adding additional spatial feature extraction
can improve model performance, we conduct an ablation study
on two typical hybrid CNN-LSTM models: Cascade model and
C-LSTM. For Cascade Model, we remove the spatial feature ex-
traction part, a 2D-CNN and a fully connected layer, from it. The
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Table 11
Classification results of EEGNet fusion and the EEGNet branches of EEGNet fusion. EEGNet fusion-B1, -B2 and -B3 represent
respectively the first, second and third branch of EEGNet fusion with an output layer.
Model PhysioNet BCI IV 2a
Acc (%) F1-score AUC Kappa Acc (%) F1-score AUC Kappa
EEGNet fusion-B1 76.01 0.753 0.849 0.52 52.58 0.514 0.785 0.368
EEGNet fusion-B2 76.55 0.76 0.851 0.531 48.92 0.454 0.766 0.318
EEGNet fusion-B3 76.33 0.758 0.848 0.527 41.4 0.359 0.72 0.219
EEGNet fusion 76.18 0.784 0.849 0.523 44.31 0.381 0.759 0.258
Table 12
Classification results of MBEEGNet and the EEGNet branches of MBEEGNet. MBEEGNet-B1, -B2 and -B3 represent respectively
the first, second and third branch of MBEEGNet with an output layer.
Model PhysioNet BCI IV 2a
Acc (%) Fl-score AUC Kappa Acc (%) F1-score AUC Kappa
MBEEGNet-B1 73.83 0.737 0.812 0.467 52.47 0.489 0.795 0.37
MBEEGNet-B2 74.79 0.751 0.832 0.496 44.70 0.385 0.759 0.26
MBEEGNet-B3 76.51 0.757 0.846 0.53 38.73 0.305 0.743 0.183
MBEEGNet 75.99 0.755 0.853 0.52 41.07 0.337 0.76 0.21
Table 13
Classification performance of LSTM models with different number of hidden layers.
Models PhysioNet BCI IV 2a
Acc (%) F1-score AUC Kappa Acc (%) F1-score AUC Kappa
1-layer LSTM 49.93 0.494 0.507 -0.003 26.08 0.246 0.506 0.001
2-layer LSTM 52.74 0.492 0.542 0.055 26.18 0.248 0.513 0.015
3-layer LSTM 53.47 0.575 0.562 0.07 25.56 0.24 0.507 0.007
4-layer LSTM 54.58 0.526 0.569 0.09 26.49 0.245 0.512 0.02
5-layer LSTM 52.24 0.527 0.545 0.045 26.01 0.24 0.51 0.013
Table 14 Although applying dropout in the training process can improve

Wilcoxon Signed-Rank test for comparing the 1-layer LSTM model with LSTM models

with more layers.

P-value (PhysioNet)

P-value (BCI IV 2a)

1-layer LSTM vs. 2-layer LSTM 0.685 0.953
1-layer LSTM vs. 3-layer LSTM 0.345 0.401
1-layer LSTM vs. 4-layer LSTM 0.786 0.441
1-layer LSTM vs. 5-layer LSTM 0.806 0.859

remaining part is a two-hidden-layer LSTM model. Similarly, with
regard to C-LSTM, we mainly keep its LSTM part and evaluate
the performance of the trimmed C-LSTM. For these two trimmed
models, we take the data from the same segments used in the
original ones as input. Tables 15 and 16 show the results of the
ablation study. It can be seen that the removal of the CNN spatial
feature extraction from the two hybrid CNN-LSTM models leads to
a significant performance degradation (p — values < 0.05) on two
benchmark datasets. This verifies that LSTM should be enhanced
with additional feature extraction techniques to better decode
MI-EEG signals.

The use of Dropout may make a limited contribution to
the improvement of model performance. As discussed in Sec-
tion 3.2, among the single-stream CNN-based models, ETENet is
the only model that does not adopt dropout [119] in the training
process. In fact, due to the effectiveness of dropout for reducing
overfitting, it has been widely used in DL-based MI-EEG decoding
models, such as [21,22,47]. Therefore, it would be interesting to
explore the impact of dropout on model performance.

To this end, we carry out the following experiments. (1) We add
a dropout layer after the pooling layer of ETENet, like many
typical single-stream CNN-based models [21,22,31]. Then, we
compare its classification performance with the original model.
The dropout rate is set to 0.5, which is the same as many existing
methods [21,22,31]. (2) We remove dropout layers from several
typical models (i.e., Shallow ConvNet, Deep ConvNet, EEGNet-
8,2 and TS-SEFFNet) and compare them with their corresponding
original model. Table 17 shows the performance results.

model performance in most cases, there is not a significant im-
provement on classification performance for all five typical de-
coding models according to Tables 17 and 18. This verifies that
the contribution made by dropout in model training is limited.
Adding fully connected layers to the model may not be a good
design choice. As discussed in Section 3.2, the main difference
between the network architecture of ETENet and Shallow Con-
vNet is that ETENet has an additional Fully Connected (FC) layer
before the output layer. Through further investigation, we find
that this additional FC layer accounts for 66% (around 201.6k
parameters) of the total number (around 305.5k) of parameters of
ETENet. Since ETENet also does not show superior performance
over Shallow ConvNet on the two public datasets (see Table 6), it
draws our interest to explore the effect of the FC layer on model
performance.

To this end, in our ablation study, we evaluate the performance
of two representative models (i.e., ETENet and Cascade Model)
without the FC layer. The results are shown in Table 19. From the
table we see that there is no significant performance difference
(p — values > 0.4) between these two models and them without
FC. This shows that the FC layer could be redundant for these
two models. Considering that FC layers usually account for a
large proportion of the total number of trainable parameters, we
suggest the future studies should add FC layers with care. At least,
we should verify that the added FC layers have positive effect on
model performance, especially when the training datasets are not
large enough.

Note that network architectures mentioned in this paper are used
in various other EEG classification tasks (e.g., EEG emotion recog-
nition [120], EEG depression diagnosis [121], etc.), thus our afore-
mentioned conclusions could inform the network design of those EEG

classification tasks as well. Future studies need to further verify this.
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Table 15
Ablation studies for Cascade Model on two public MI-EEG datasets.
Models PhysioNet BCI IV 2a
Acc (%) F1-score AUC Kappa Acc (%) F1-score AUC Kappa
Cascade Model w/o CNN 54.19 0.55 0.564 0.084 27.96 0.258 0.541 0.049
Cascade Model 58.62 0.583 0.631 0.185 34.31 0.332 0.589 0.107
Table 16
Ablation studies for C-LSTM on two public MI-EEG datasets.
Models PhysioNet BCI IV 2a
Acc (%) F1-score AUC Kappa Acc (%) F1-score AUC Kappa
C-LSTM w/0o CNN 51.11 0.511 0.521 0.022 25.19 0.241 0.502 0.003
C-LSTM 74.72 0.736 0.797 0.495 69.1 0.679 0.889 0.587
Table 17
The classification results of several typical models with and without dropout.
Model PhysioNet BCI IV 2a
Acc (%) Fl-score AUC Kappa Acc (%) F1-score AUC Kappa
ETENet w/o Dropout 76.23 0.762 0.85 0.525 38.5 0.371 0.652 0.18
+ Dropout 78.53 0.787 0.868 0.571 35.38 0.336 0.627 0.138
EEGNet w/o Dropout 77.14 0.761 0.853 0.541 55.79 0.552 0.793 0.411
+ Dropout 77.51 0.777 0.859 0.55 56.66 0.548 0.787 0.422
Shallow ConvNet w/o Dropout 74.67 0.741 0.828 0.494 55.79 0.552 0.793 0.411
+ Dropout 75.33 0.746 0.838 0.506 56.29 0.559 0.792 0.417
Deep ConvNet w/o Dropout 74.81 0.748 0.838 0.496 38.2 0.375 0.654 0.176
P + Dropout 77.89 0.766 0.876 0.558 42.53 0.411 0.689 0.234
TS-SEFFNet w/o Dropout 66.96 0.661 0.729 0.339 40.16 0.393 0.663 0.202
+ Dropout 67.08 0.667 0.759 0.342 42.59 0.39 0.74 0.235
Table 18

Wilcoxon Signed-Rank test for evaluating whether the difference of classification performance between MI-EEG decoding
models is significant. “w/0” means without.

P-value (PhysioNet) P-value (BCI IV 2a)

ETENet vs. ETENet with Dropout 0.223 0.011
EEGNet vs. EEGNet w/0 Dropout 0.893 0.314
Shallow ConvNet vs. Shallow ConvNet w/o Dropout 0.313 0.678
Deep ConvNet vs. Deep ConvNet w/o Dropout 0.345 0.213
TS-SEFFNet vs. TS-SEFFNet w/o Dropout 0.374 0.893
Table 19
Ablation studies for ETENet and Cascade Model on fully connected layers.
Models PhysioNet BCI IV 2a
Acc (%) Fl-score AUC Kappa Acc (%) Fl1-score AUC Kappa
ETENet w/0 FC 77.03 0.763 0.858 0.541 37.05 0.312 0.668 0.162
ETENet 76.23 0.762 0.85 0.525 38.5 0.371 0.652 0.18
Cascade Model w/o FC 60.16 0.596 0.634 0.188 37.05 0.312 0.668 0.162
Cascade Model 58.62 0.583 0.631 0.185 34.31 0.332 0.589 0.107

4. Open issues and future research direction

DL-based models have achieved significant improvement for MI-
EEG classification, but there are still some limitations that slowed the
development of this field. In this section, we discuss some open issues
and potential research directions.

4.1. Network architecture design

Although various network architectures have been developed so far
(see Section 2.4), how to design more effective decoding networks to
further improve classification performance is still a challenging issue.

Based on the evaluation of 13 typical models in Section 3.2, we can
see that the FBCSP-like single-stream CNN-based architecture shows
great potential, and some researchers (e.g., [21]) have developed ac-
curate yet extremely compact model based on this design pattern.

Apart from the FBCSP-like single-stream CNN-based architecture,
using some newly emerged network architectures, e.g., CapsuleNet
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[34], could be a promising research direction. However, further study
is needed as there is limited literature for this direction. Also there is
no source code available for the new architecture at present.

More importantly, existing DL-based MI-EEG classification models
are generally designed empirically. This limits the discovery of bet-
ter network architectures. A promising solution is to utilize neural
architecture search (NAS) to automatically discover optimal network
architectures, as some studies [122,123] have shown that the networks
found by NAS perform better than the handcrafted ones in fields such
as image classification.

4.2. Imbalanced MI-EEG data

Due to some factors, e.g., data missing, subjects’ withdrawal from
the experiment, etc, it is quite common there is data imbalance in
the number of MI trials for each subject and/or each class in MI-EEG
datasets, which has a negative effect on the performance of DL-based
models [124].
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Fig. 11. The details of different configurations of EGGNet corresponding to all branches of two multi-stream CNN-based models. (a) EEGNet fusion and (b) MBEEGNet.

A common solution to the data imbalance problem is to use data
augmentation which can keep the number of trials of different classes
and subjects the same. Many data augmentation techniques, such
as [11,31,59], have been proposed and used in MI-EEG classification.
Some of them are inspired by image classification tasks, such as adding
noise [31], flipping the data [31], and so on. In fact, these techniques
(i.e., adding noise and flipping the data) are also often used in other
EEG classification tasks [125,126]. Besides, a recent study [127] also
tries to augment data by using generative adversarial network (GAN),
which is a potential research direction for solving data imbalance in
MI-EEG classification.

4.3. Data distribution discrepancy

Existing DL-based methods can generally achieve good classification
performance when the training set and test set have the same data dis-
tribution [21]. However, it is often difficult to meet this ideal condition
in the real world. For example, the distributions of the collected MI-EEG
data vary significantly across subjects [64] because of different EEG
patterns between subjects, different placements of EEG caps on subjects’
scalps, etc. When the data collected from different subjects is spilt into
the training set and the test set, there is a data distribution discrepancy
between the two sets, which could result in negative transfer [64,128].
Negative transfer means the use of source domain data for training
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weakens the classification performance of models in target domain data
for testing, mainly due to the dissimilar data distributions between the
source domain and the target domain.

A possible solution is to adopt effective transfer learning. Until now,
some recent DL-based works, such as [36,52,73], have applied transfer
learning in EEG classification. Transfer learning in these works can be
classified as fine-tuning adaptation [73,129] and domain adversarial
adaptation [36,52,53].

Fine-tuning adaptation used in MI-EEG classification usually con-
sists of three steps. The first step is to select an effective pre-trained
model (e.g., VGG16 [130], ResNet50 [131], Deep ConvNet [22], etc.).
The second one is to replace the output layer of the pre-trained model
with a new output layer, where the number of neurons is equal to the
number of classes of the target task. The third step is to fine-tune the
revised pre-trained model using the target EEG data or the spectrogram
images based on the target EEG data, which enables the model to be
applied in the target EEG classification task.

Domain adversarial adaptation has attracted much attention re-
cently. Some studies [36,52,53] have developed domain adversarial
neural networks (DANN) to tackle the distribution discrepancy between
the source domain and the target domain in MI-EEG classification.
These DANN-based methods usually contain a feature extractor, a
classifier and a domain discriminator. The feature extractor is used
to obtain deep representations from source domain data and target
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domain data. The job of the classifier is to decode the obtained feature
representations. As for the domain discriminator, it is designed to
predict the domain labels. During the training period, the discriminator
tries to predict the origin of the feature representations extracted by
the feature extractor, while the feature extractor strives to fool the
discriminator, making the discriminator fail to predict the domain
labels of the feature representations. This forces the feature extractor
to extract more general features, which can alleviate the distribution
discrepancy between the source and target domains.

All these transfer learning-based methods report their superior per-
formance over some traditional methods (e.g., DNN, standard CNN,
etc.) in their original papers. Especially for the methods based on
domain adversarial adaptation, the reported results [52,53] show that
they can outperform some SOTA MI-EEG classification models (e.g.,
EEGNet). This shows domain adversarial adaptation-based models have
a promising future. However, there are still several open issues for
domain adversarial adaptation-based methods, such as the loss of the
domain-specific features caused by the shared feature extractor [36,52]
and the complex training process due to the additional discrimina-
tor [36,52] or classifier [53]. These aforementioned issues need to be
further studied.

A most recent study [132] has comprehensively surveyed negative
transfer and presented a reliable transfer learning scheme to alleviate
negative transfer. The authors give some solutions to avoid negative
transfer according to the results of domain similarity estimation, which
might be helpful for future studies, especially for cross-subject training.

4.4. Real-world application of EEG-based MI-BCI system

Recently researchers [57,60,78] have a tendency to design more
and more complex network architectures. Although these recent models
show superior classification performance over many previous methods,
their high model complexity can influence the inference speed, which is
crucial for real-world application [133]. In fact, most of existing works
only focus on classification performance and ignore other factors, such
as inference speed and model size, that are indispensable for practical
application.

Future studies should consider the model complexity, as the BCI
systems need to be deployed in mobile devices in real-world scenarios
and need to produce real-time predictions. A possible solution is to
use network pruning techniques [134], which can remove superfluous
parameters from a trained model with minimal loss in classification
performance. This type of techniques might be able to help some high-
performing but complex models be adopted in real-world applications.
In fields such as image segmentation and object detection, studies [135,
136] have shown the effectiveness of network pruning methods for
developing lightweight models with high classification accuracy.

5. Conclusions

Rapid advances in deep learning have largely facilitated the de-
velopment of MI-EEG classification. Currently, using deep learning to
develop MI-EEG decoding models becomes dominant because of the
ability to automatically execute feature engineering. Although various
deep learning techniques have been applied in MI-EEG classification,
the majority of the existing studies are generally based on several
network architectures, e.g., CNN, LSTM, hybrid deep network, etc.

Performance comparison is commonly used to verify the effective-
ness of models. However, we find that there are several problems
in the performance comparison of many existing works. (1) Differ-
ent meanings for cross-subject classification. (2) Different evaluation
strategies (e.g., performing different classification tasks to evaluate the
baseline and proposed models) used in performance comparison. (3)
Different interpretation of baseline models when there is no publicly
available source code. (4) Performance comparison only conducted on
the private datasets. These problems could cause invalid and/or unfair
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comparison of results. In this paper, we present several guidelines that
future studies should use to overcome the aforementioned problems.

Among the deep learning techniques used, CNN is the most popular
design choice. The models based on CNN often use raw EEG data or
extracted time—frequency domain features as input. When the input for-
mulation is the former, the computational steps of a SOTA traditional
method, i.e., FBSCP, are often adopted as the guidelines for model de-
sign. When the latter is chosen as input, the network design often draws
on the experience of models for computer vision. By evaluating and
comparing typical decoding models on the two benchmark datasets,
we are surprised to find that an extremely simple FBCSP-like single-
stream CNN-based decoding model (i.e., EEGNet.) can achieve better
performance than many recent models with more complex network
architecture. This reveals that FBCSP-like CNN-based architecture is
a promising design choice. Moreover, through ablation studies, we
find and verify that effective feature fusion plays an indispensable
role for developing accurate multi-stream CNN-based models. LSTM is
another widely used deep learning technique for MI-EEG classification.
However, our experiment results illustrate the models that simply
stack LSTM layers cannot well classify raw EEG signals. Although
a combination of CNN and LSTM model (i.e., C-LSTM) can achieve
very competitive performance, the other two representative hybrid
CNN-LSTM models we evaluate only achieve mediocre performance,
which may be because of their complex network architecture and the
insufficient data. Recently, some researchers also explore other possible
combinations of deep learning techniques, such as the combination of
GCN and BiLSTM. Due to the limited literature, further study on these
hybrid architectures is needed.

DL-based methods have made some progress in MI-EEG classifica-
tion. However, there remain some challenges such as data distribution
discrepancy and lack of attention to the importance of real-world
applications. By utilizing our performance comparison guidelines and
our findings of influential design factors on the performance of typical
MI-EEG classification architectural designs, we hope that future studies
could solve these issues fairly and expeditiously.
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