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Abstract—  
Objective: An emerging idea that has gained traction in 

electroencephalogram motor-imagery (EEG-MI) classification is 
the “EEG-as-image” approach. The main idea is to preserve the 
spatial relationships of a set of EEG channels and to apply spatial 
filters which capture the local dynamics of the EEG signals. We 
hypothesize that due to the inherently global nature of EEG 
modulations coming from multiple dipolar sources, a better 
approach is to apply global unmixing filters to all relevant EEG 
electrodes instead.  

Methods: Experiments were conducted to verify such 
hypothesis. Three deep learning models are proposed: (1) a model 
which applies multiple local spatial convolutions; (2) one which 
applies a global spatial convolution; and (3) a parallel architecture 
which combines the output feature maps of both (1) and (2). We 
tested our models on the BCI competition IV dataset 2a.  

Results: The results of experiment showed that the global model 
achieved an overall classification accuracy of 74.6% and 
outperformed the local and parallel architectures by 2.8% and 
1.4% respectively. It also outperformed the next best recorded 
result by 0.1%. 

Conclusion: By exploring the impact of local and global spatial 
filters on EEG-MI classification, this paper helps to advance the 
study of EEG feature representation within a deep learning 
framework. The global spatial filters outperformed the local 
spatial filters for deep learning models in our study. 
 

Index Terms— EEG, Electroencephalography, MI-BCI, deep 
learning, image processing, video processing  

I. INTRODUCTION 
otor imagery-based brain computer interface (MI-BCI) 
is designed to help immobilized patients communicate 

their intentions to caregivers using machines that collect and 
interpret sensory-motor rhythm modulations generated by their 
brain activities [3]. Given that the usefulness of MI-BCI is 
contingent on its interpretive ability – or classification accuracy 
in technical terms – this paper aims to evaluate the overall 
performance of MI-classification when the EEG signals and 
their features are represented in the form of image sequences.  

In MI-classification, studies tend to focus on feature selection 
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and classification algorithms. For feature selection algorithms, 
signal decomposition-based methods [5-8], common spatial 
pattern (CSP)-based methods [1, 9-12], and Riemannian 
geometry-based methods [7, 12] have been key areas of 
research. For classification algorithms, [14] has provided a 
comprehensive review of the main research areas. In particular, 
transfer learning approaches [15-17] have shown promising 
results, especially when applied in session-to-session or 
subject-to-subject settings to reduce the need and time taken for 
BCI calibration. Riemannian classifiers have also been shown 
to achieve highly competitive results with little training data 
and reduced calibration time [18-22]. 

In recent years, deep learning methods [2, 4, 13, 23-28] have 
achieved state-of-the-art MI classification accuracies. 
Furthermore, works such as [13, 25] have extended the use of 
deep learning algorithms beyond classification tasks to include 
feature selection as well, which represents a shift from a two-
phased supervised feature selection and classification process 
to an end-to-end approach. In particular, [13] proposed the 
Shallow Convnet model which mirrored the feature selection 
process of the Filter Bank Common Spatial Pattern (FBCSP) [1, 
2]. 

Researchers have also explored alternative ways of feature 
engineering while leveraging deep learning for classification. 
Sakhavi et al. [2, 24] believed that by neglecting the temporal 
aspect of EEG signals, many preceding MI EEG feature 
selection algorithms fail to account for EEG’s dynamic energy 
representation. Hence, they proposed a new EEG feature 
representation which retains both temporal and spatial aspects 
of the signals for MI classification. In Sakhavi et al.’s approach, 
spatially significant information is identified using an adapted 
FBCSP approach that selects spatially filtered channel pairs 
rather than a variable feature dimension output. Temporal 
information is then obtained by extracting the signal envelope 
of the selected channels, which is the amplitude of analytical 
form of the frequency spectrum after Hilbert transform. The 
advantage of this approach is that it represents the actual EEG 
information more holistically while reducing data dimension by 
utilizing only the amplitude information. 
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Another emerging idea in MI-classification is the proposal to 
approach it as an image or video classification problem. 
Proponents of this approach argue that it preserves the local 
spatial features that are significant for the purpose of 
discriminating MI classes that correspond to activities 
occurring in different brain regions [4, 23, 26, 28]. One of the 
first works in this “EEG-as-image” approach uses power 
spectrum, derived from the Fast Fourier Transformed (FFT) 
time series of each trial at theta, alpha and beta bands, as input 
to the problem [23]. The value of each electrode is the aggregate 
of the sum of squared absolute value within each of the 
frequency bands.  They are represented in a 2-D plane to 
preserve the spatial patterns instead of being added together as 
a feature vector. Temporal information is preserved when the 
entire EEG signal is represented as a series of images from 
consecutive time steps. The images were then fed to 
convolutional neural networks (CNN) for feature learning and 
classification. Going one step ahead, Tan et al. [4] first 
converted EEG signals at each time step into grey-scale images 
to derive video sequences and extracted dense optical flow 
(DOF) features from them. A deep neural network model 
involving convolution and recurrent networks was then built 
with the video sequences and optical flow as multi-modal input 
features. 

A critique of the “EEG-as-image” approach is that “localized 
generators are not a general property of EEG data” and that 
theoretical models have suggested that EEG signals likely form 
a complex mixture of multiple local and global current sources 
[29]. In this regard, [13] argued that there are no obvious 
hierarchical spatial composition of both local and global EEG 
modulations given their inherent global nature. Hence, 
following the success of many EEG decoding examples which 
had applied pattern-discriminating spatial filters at the global 
level, [13] designed the entrance layers of their deep learning 
networks to specifically learn global unmixing filters. 

Nevertheless, although [13] argues that the “EEG-as-image” 
approach utilizing local spatial filters is unlikely to be useful for 
the purpose of identifying class-discriminating MI features due 
to EEG modulations inherently coming from a complex mixture 
of sources, there has yet to be any systematic validation of this 
assertion. In this paper, we aim to examine this hypothesis by 
investigating the effects of local and global spatial filters on the 
performance of “EEG-as-image” MI-classification. By 
comparing the performance of various classifier architectures 
trained and tested on the same subject in a cross-session 
manner, we hope to address the usefulness of the two types of 
spatial filters and discuss the significance of spatial features for 
MI-classification.  

In summary, the main technical contributions of this paper 
include the CNN-based architectures specially designed to 
extract either global or local spatial features. Furthermore, we 
propose a parallel network architecture to incorporate the 
learning of both global and local spatial features. This hybrid 
architecture tests if the parallel nature of the network allows it 
to learn the most appropriate features for each particular 
subject, bearing in mind the complex mixture of both local and 
global EEG modulations. 

The rest of the paper is organized as follows. Section II 
details the proposed framework and methodology. Section III 
documents our experiment set up while Section IV presents our 
findings and observations. The paper is concluded with key 
takeaways, limitations and potential future works in Section V. 

II. METHODOLOGY 
The design of the experiment draws inspiration from various 

works. Our work in pre-processing the EEG signals is informed 
by the works of [1, 23]. The classifier itself is designed by 
adapting the Shallow Convnet model [13] to incorporate 
convolutional layers specially designed to extract either global 
or local spatial features. In this section, we discuss the proposed 
methodology which modifies and adapts component layers 
found in the Shallow Convnet model [13]. As such, the Shallow 
Convnet model warrants a detailed look before we proceed to 
illustrate in detail how our model is constructed to learn the 
various class-discriminating band-power features. 

A. The Shallow Convnet Model 
The Shallow Convnet Model [13]’s end-to-end neural 

network architecture is mainly inspired by the FBCSP feature 
extraction pipeline. To decode band-power features, the first 
two layers of the model consist of a temporal and a spatial 
convolution. The temporal convolution applies a one-
dimensional kernel along the time axis, while the spatial 
convolution applies a two-dimensional kernel convoluting on 
both the EEG channel dimension as well as the feature maps 
obtained from the preceding temporal convolution. These initial 
layers are designed to learn global unmixing filters analogous 
to the bandpass and CSP filters in FBCSP. The subsequent 
squaring nonlinearity, the temporal average pooling layer, and 
the softmax activation function for the output layer models after 
the trial log-variance computation in FBCSP. 

B. Representing EEG time series topographically 
A typical preprocessing step in an “EEG-as-image” approach 

is to obtain a topographical representation of the EEG signals. 
[4, 23] used Azimuthal Equidistant Projection (AEP) [30] to 
map EEG information from the 3-D curved surface of the scalp 
to the 2-D plane such that the 2-D projected distance between 
the electrodes can be presented as accurately as possible, 
although according to [23], the use of AEP did not show 
significant performance impact. Hence for this study, we opted 
for a flattened arrangement of the EEG electrodes in neatly 
aligned rows and columns similar to [26, 28]. 

Depending on the choice of dataset, there may be a need for 
data interpolation to address the need for local convolutional 
kernels to convolute across a two-dimensional plane. For the 
BCI Competition IV dataset 2a [31], by arranging the EEG-
image as a 6x7 array, an additional 20 “pixels” (or channels) 
were introduced over and above the original 22 channels. Fig. 
1 below shows the EEG montage in 2-D representation, as well 
as the areas where interpolation is required. 

One downside is that this significantly increased the input 
dimensionality of the data. In order to avoid introducing noise 
to the dataset, we performed Z-score standardization to 
transform the mean of the data to zero before interpolating the 
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missing “pixels” with zeros. This would ensure that the overall 
mean stays zero. To ascertain the impact of interpolation, we 
built a baseline model for performance comparison using the 
original non-topographic data structure. 

Fig. 1 EEG montage in 2-D representation based on the BCI Competition IV 
dataset 

C.  Learning band-power features 
In clinical practice, EEG signals are divided into several 

bands with different frequency range, such as alpha, beta, theta, 
and delta band [32]. For FBCSP, discriminative CSP features 
were identified from different frequency bands. Similar to 
FBCSP’s selection of bandpass filters, we use a filter bank of 
nine bandpass filters (FIR) that covers 4hz each from 4-40Hz to 
filter the signals from all 22 channels. This is in contrast to the 
Shallow Convnet model, which embedded the entire feature 
selection process in a single network to decode the band-power 
features. 

After obtaining nine filtered sets of EEG signals, we 
considered how they might be fed as input into the spatial 
convolutional layer. By adopting an “image” representation of 
EEG signals, it is important to understand how convolutional 
layers operate for image data, especially with regards to RGB 
channels in images. For the first convolutional layer in a typical 
image recognition task, the convolution kernel is applied 
independently on each of the RGB feature channels before the 
results are linearly combined to obtain feature maps. Similarly, 
by passing the nine filtered sets of EEG signals through the 
feature dimension, the kernel convolutes on each set of signals 
before they are linearly combined to form feature maps. This is 
similar to the channel-mixing architecture proposed by [2, 23] 
and models after the assumption that EEG signals are composed 
of a linear superposition of current patterns from multiple 
dipolar current sources [29]. Unlike the Shallow Convnet, our 
architecture applies 2-dimensional kernels convoluting on the 
spatial dimensions (x and y cartesian axes), hence allowing us 
to bypass the first temporal layer of the Shallow Convnet model 
and begin directly with the spatial convolutions.  

The objective of our experiment is to compare and contrast 
two different network architectures designed specifically to 

extract local and global spatial patterns. We further considered 
a hybrid architecture combining both types of filters in parallel. 
The three possible pipelines for the spatial convolutional layer 
are as follows: 
1) Global spatial convolution 

In order to capture spatial patterns at the global level, we 
applied a convolutional layer with a 6x7 kernel the size of 
the entire topographic map. This is the model most 
resembling the spatial convolutional layer of the Shallow 
Convnet. 

2) Local spatial convolutions 
We explored a variety of local spatial convolutions of 
different kernel sizes (e.g. 2x2, 3x3) as well as pooling 
layers. Preliminary results suggested little difference in 
performance between using a 2x2 or 3x3 sized kernel, 
hence we selected 3x3 kernels as a standard local 
convolutional kernel for the rest of the experiment except 
the 3rd layer which has to take on a 2x3 kernel. As early 
tests showed that pooling layers achieved less promising 
results, hence in this study we opted for only convolutional 
layers. 

3) Parallel spatial convolutions 
We designed a hybrid pipeline incorporating both global 
and local spatial convolutions in a parallel architecture 
inspired by the Inception module from GoogLeNet [33] of 
the image recognition domain. This could allow the 
network to emphasize the most appropriate spatial filter 
(i.e. global or local) for each subject, bearing in mind the 
complex mixture of both local and global EEG 
modulations. Both the global and local networks are joined 
along the feature map dimension before being passed into 
the final softmax classification layer. 

In this study, we did not examine the different permutations 
of applying convolution across the temporal dimension, which 
some studies have approached in-depth [2] and have yielded 
deep and complex architectures [13, 34]. Instead, we 
maintained a simplified model, opting to keep only the temporal 
average pooling layer of the Shallow Convnet as it has been 
shown robust in learning the temporal structures of the band 
power changes within a trial [13]. 

The resulting model architectures are illustrated in Fig. 2 
below.  

D. Neural Network Training 
We considered two commonly applied neural network 

operators – batch normalization and dropout regularization. 
Batch normalization, as the name suggests, is used to normalize 
each training mini-batch in order to reduce each layer’s input 
changes and to boost training speed [35]. Dropout 
regularization is used to prevent deep neural networks from 
overfitting the training data by randomly dropping units and 
their connections [36]. 

Deep learning classification methods also require substantial 
amount of training data to be effective. Schirrmeister et al. [13] 
explored data augmentation by sliding a window across each 
MI trial to obtain cropped samples. This substantially increased 
the training samples per subject and aimed to force the model 
to use features consistently present in all crops. A voting 
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strategy was used as a final prediction for the trial during the 
test phase. Compared with the trial-wise strategy, the cropped 
training strategy improved model performance by a large 
margin [13]. 

  
Fig.2 Architecture of Convolution Neural Network for MI classification with 
local and global spatial pattern extraction. 64: the number of feature maps that 
is created for each of the CNN layers. 250: the total number of timesteps of each 
sample. 75: the length of the mean pooling window. Coupled with a stride of 
15, the resultant length of temporal units becomes 12. 

III. EXPERIMENTAL SET-UP 

A. Dataset Characteristics 
The dataset used in this study is the BCI competition IV-2a 

EEG dataset [31], which comprises EEG recordings of MI for 
left hand, right hand, feet and tongue. The signals were recorded 
from 22 Ag/AgCl electrodes with a 250 Hz sampling rate and 
bandpass filtered between 0.5 and 100 Hz. There were 
altogether 288 trials for each of the two sessions recorded on 
different days for each of the nine subjects. Trials recorded on 
the first day were used as training and validation data while 
trials recorded on the second day were used as test data. As per 
the original competition guidelines, the classifiers were trained 
and tested in a subject specific manner. For this study, trials 
marked as artifact were removed from the dataset.  

B. Data augmentation and split 
Similar to [13], we adopted a cropping and voting strategy to 

augment our data, using sliding windows of length 2s across a 
duration of 4s for each trial (from 0s at the start of the trial to 4s 
until the end cue). The step size of this cropping process was 
set at 5 frames after down-sampling the EEG signal from 250Hz 
to 125Hz. In doing so, we obtained a total of 100 crops per trial. 
The training and validation data for each subject were split 

randomly with a 4:1 ratio. 

C. Neural Network Hyperparameter Choices 
The choice of hyperparameters have an impact on the speed 

of convergence and the performance of the neural network 
models. While an exhaustive search for the best parameters via 
cross-validation is plausible [2], it is time-consuming and 
computationally expensive. We experimented with a few 
combinations of hyperparameters and found that a filter size of 
64 gave the models a sufficiently large network capacity to 
learn. Across all models, all convolutional layers are assigned a 
filter size of 64 while the temporal average pooling layer is 
given a kernel width of 75 and a stride length of 15. The spatial 
convolutional layers take on the parameters as specified in 
Section II. The main activation function for the convolutional 
layers is the Leaky Rectified Linear Unit (LeakyReLU) with an 
alpha value of 0.05. For the local spatial convolutional layers, 
only the final layer took on the LeakyReLU activation as 
nonlinearities did not fare well for the earlier layers. A batch 
normalization layer is applied before each activation function, 
while a dropout layer with a parameter of 0.5 is applied after 
each activation function. Each model was then trained using the 
Adam optimizer with default parameters as described in [37] 
with the objective of minimizing the categorical cross-entropy 
loss function. A mini-batch size of 512 samples was used for 
each iteration. 

D. Test Statistics 
To obtain the relevant test statistics, we ran the experiment 

five times for each individual model. For each experiment, a 
different time step is sampled in order to vary the training 
dataset used. Besides reporting the mean accuracies and kappa 
scores, we used the Wilcoxon signed-rank test to determine the 
statistical significance of the mean accuracies and a correlation 
statistic proposed by Rosenthal [38] to assess the effect sizes.  

IV. RESULTS AND DISCUSSION 
Besides comparing the performance of local and global 

spatial convolutional filters, our experiment also sets out to 
examine the impact of topographically aligned spatial filter 
design on model performance. In this regard, we established a 
baseline model trained on a non-topographically arranged data 
structure using a global spatial convolutional filter. There is no 
architectural difference between the Baseline and Global model 
apart from the topographic arrangements. Table I below 
documents the average accuracies of five tests on each model 
across all nine subjects as well as the overall performance. 

A. Performance of Global model and Local model 
Overall, the models utilizing global filters alone (i.e. Baseline 

and Global) achieved better performances than both the local 
and parallel models. The Global model achieved an average 
accuracy of 74.6%, outperforming the Baseline model by 0.3% 
but without any statistically significant difference (P = 0.523). 
The Global model also outperformed the Parallel model by 
1.4% (P = 0.0078, effect size r = 0.840) and the Local model 
by 2.8% (P = 0.0078, effect size r = 0.840). Both effect sizes 
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are large using Cohen’s criteria. Comparing across the 
Baseline, Global, Local and Parallel models, the Global model 
achieved best performances for subjects 1, 4, 5, 7 and 9. 

While parallelizing the model would allow the network to 
utilize both local and global spatial features, there was no 
certainty that the best performing local and global features 
would be selected to fulfil subject-specific training. Similar  
phenomenon was also observed in [13], where subpar 
performance was achieved for its “hybrid” model combining 
both Deep and Shallow Convnet. It may be that the local or 
global features were overshadowed by noise or other artefacts 
in the data captured during the training phase. The parallel 
model may also benefit from specifically designed loss 
functions that target parallel training. 

Overall, our experiment has shown that for the BCI 
competition IV dataset 2a, global filters achieve better 
performance than local filters. Not discounting the fact that 
there could indeed be useful local spatial features that can be 
decoded with the local filters at specific frequency bands, for 
the purposes of yielding more generalizable models with 
overall higher predictive power, it is likely to be more useful to 
design EEG-MI classifiers to primarily decode global spatial 
patterns. However, as our findings are limited to one dataset, 
exploration of other MI EEG datasets in a future study is 
necessary. 

B. Comparison with other notable works 
Table I also documents the test results from other notable 

works based on the BCI competition IV dataset 2a. For the 
purpose of comparing performance of models on each subject, 

we implemented the Shallow Convnet model in Keras, based 
on the data augmentation parameters highlighted in Section III 
as well as our own data standardization process. It yielded an 
overall accuracy of 74.3%, which is 0.7% higher than the values 
reported in [13], and a kappa score of 0.655. The Global model 
performed 0.3% better on average compared to the Shallow 
Convnet model, although there is no statistically significant 
difference (P = 0.680). This is expected as both the Global 
model and Shallow Convnet model uses global CNN kernels to 
extract global features. The results across our models, when 
compared to the Shallow Convnet model, also showed that 
obtaining nine band-pass filters as input remain a viable pre-
processing pipeline compared to fully entrusting the deep 
learning model to learn the temporal features. 

C. Topographic spatial filter design has little negative impact 
Interestingly, comparing the Global model with the baseline 

model, the results also suggest that the topographic spatial filter 
design has little negative impact on model performance. This 
may be due to the careful selection of standardization 
procedures which rendered the impact of additional 
interpolation minimal. 

D. Deep Learning Visualization on the Global Model 
By applying the global filters on each set of band-pass 

filtered EEG signals, we are effectively decoding the spectral 
information temporally and spatially. To understand the 
spectral information picked up by the Global model, we used 

 
Fig. 3 EEG montage showing the input-perturbation network prediction averaged across nine subjects. 

Deep red and blue denote strong positive and negative correlation respectively. 
 

TABLE I 
COMPARISON OF MODEL PERFORMANCES ON BCI COMPETITION IV DATASET 2A TEST DATA ACROSS LITERATURE.  

VALUES IN THE BRACKETS ARE KAPPA VALUES AND THE VALUES WITHOUT BRACKETS ARE THE ACCURACIES.  
BOLDED VALUES ARE THE BEST PERFORMING RESULTS FOR THE SUBJECT. 

Subjects Baseline Local  Global Parallel FBCSP [1, 2] C. Tan. et al. 
[4] C2CM [2]  Shallow 

Convnet [13] 
1 88.2 (0.842) 88.5 (0.847) 88.6 (0.847) 88.6 (0.847) 76.0 (0.676) 78.8 87.5 (0.833) 86.5 (0.820) 
2 56.7 (0.420) 55.8 (0.407) 55.9 (0.408) 55.7 (0.407) 56.5 (0.417) 62.5 65.3 (0.537) 57.6 (0.432) 
3 86.9 (0.826) 82.2 (0.764) 86.7 (0.824) 84.8 (0.799) 81.25 (0.745) 83.0 90.3 (0.870) 87.5 (0.835) 
4 70.0 (0.598) 65.1 (0.531) 71.0 (0.610) 68.5 (0.576) 61.0 (0.481) 63.5 66.7 (0.556) 72.0 (0.621) 
5 65.0 (0.524) 61.8 (0.482) 66.5 (0.544) 64.0 (0.511) 55.0 (0.398) 67.7 62.5 (0.500) 62.4 (0.490) 
6 57.0 (0.426) 52.9 (0.371) 56.0 (0.412) 55.9 (0.411) 45.25 (0.273) 45.8 45.5 (0.273) 53.5 (0.380) 
7 86.6 (0.818) 84.0 (0.784) 88.4 (0.844) 87.1 (0.825) 82.75 (0.773) 90.3 89.6 (0.861) 92.5 (0.898) 
8 81.3 (0.750) 80.9 (0.744) 80.9 (0.745) 80.6 (0.740) 81.25 (0.755) 85.8 83.3 (0.778) 81.9 (0.758) 
9 77.1 (0.692) 75.2 (0.671) 77.1 (0.693) 73.5 (0.649) 70.75 (0.606) 72.6 79.5 (0.727) 74.4 (0.657) 

Overall 74.3 (0.655) 71.8 (0.622) 74.6 (0.659) 73.2 (0.640) 67.75 (0.569) 72.2 74.5 (0.659) 74.3 (0.655) 
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an input‐perturbation network‐prediction correlation technique 
introduced by [13] to visualize the correlation of the model 
predictions to the amplitude changes across the sensorimotor 
areas. A small perturbation is added to alter the amplitude of the 
input signal of each of the nine frequency bands. Subsequently, 
we compute the correlations between the changes in the input 
and the output. Fig. 3 above shows the results averaged across 
all nine subjects. 

We found that both Hands (left + right ) always have opposite 
correlation with Feet across all frequency bands except 36-
40Hz. This is consistent with the fact that the sensorimotor area 
for Feet is located in the middle of the primary motor cortex 
whereas the Hands are at the side. For Left vs. Right hands, in 
general, negative correlation were found at the contralateral 
side to hand movement (motor imagery) in frequency bands, 
20-24, 24-28, 28-32Hz.  The Tongue showed similar trend of 
correlation with Left and Right hands from 16 to 36Hz. It 
showed positive correlation on two sides of the plots except 
frequency band 16-20Hz.  It did not show contralateral effect as 
was observed in the case of the Left and Right hands. 

We also visualized the CNN feature maps for the first and 
second convolutional layers of the Local model trained for 
Subject 7 (See Fig. 4 above). However, such visualization is not 
applicable for the Global model and the third layer of the Local 
model due to the size of the output of those layers being reduced 
to 1 x 1 by the convolutions. We observed that the most 
discriminative features of both CNN layers appeared in the beta 
frequency bands around 20-32Hz. However, due to low spatial 
resolution and temporal averaging, it remains difficult to 
ascribe any form of perceivable local patterns to these 
discriminative features. 

V. CONCLUSION 
In this MI-classification study, an “EEG-as-image” approach 

was applied in representing EEG data for a CNN-based 
classification algorithm. A variety of deep learning model 
configurations inspired by both FBCSP and Shallow Convnet 
were tested, including local and global spatial filters. The 
effects of these filters on the performance of “EEG-as-image” 
MI-classification were investigated. We found that the Global 
model outperformed the Local model and achieved an overall 
classification accuracy of 74.6% on the BCI competition IV 
dataset 2a. This study aims to elicit more attention to the use of 
“EEG-as-image” representation and its potential limitations in 
EEG-MI classification. While deep learning methods have not 
yet shown convincing improvement over other state-of-the-art 
BCI methods, the growth of deep learning has outpaced other 
machine learning approaches in recent years. Deep neural 
network approaches applied to EEG-MI classification will 
allow us to leverage the latest advances in deep-learning not 
only within the image and video classification domain, such as 
the Inception framework, but also in a variety of other domain 
areas such as signal processing and sequence classification. 
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