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A Unified Novel Neural Network Approach and a
Prototype Hardware Implementation for
Ultra-Low Power EEG Classification
Antonis Nikitakis, Konstantinos Makantasis , Nikolaos Tampouratzis, and Ioannis Papaefstathiou

Abstract—This paper introduces a novel electroencephalogram
(EEG) data classification scheme together with its implementation
in hardware using an innovative approach. The proposed scheme
integrates into a single, end-to-end trainable model a spatial filtering technique and a neural network based classifier. The spatial
filters, as well as, the coefficients of the neural network classifier
are simultaneously estimated during training. By using different
time-locked spatial filters, we introduce for the first time the notion of “attention” in EEG processing, which allows for the efficient capturing of the temporal dependencies and/or variability of
the EEG sequential data. One of the most important benefits of
our approach is that the proposed classifier is able to construct
highly discriminative features directly from raw EEG data and, at
the same time, to exploit the function approximation properties of
neural networks, in order to produce highly accurate classification
results. The evaluation of the proposed methodology, using public
available EEG datasets, indicates that it outperforms the standard
EEG classification approach based on filtering and classification as
two separated steps. Moreover, we present a prototype implementation of the proposed scheme in state-of-the-art reconfigurable
hardware; our novel implementation outperforms by more than
one order of magnitude, in terms of power efficiency, the conventional CPU-based approaches.
Index Terms—CSP, Deep Neural Network, EEG, FPGA.

I. INTRODUCTION

B

RAIN Computer Interface (BCI) technology is a real-time
communication bridge between users and machines, which
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serves as a replacement of normal neuromuscular pathways. The
initial purpose of BCIs development was their exploitation in
biomedical applications, such as rehabilitation from injuries, or
communication tools for patients with locked-in syndromes [1].
The use of BCIs though, can be expanded to healthy users as well
serving as training and self-improvement tools for concentration,
stress management or act as “hands-free” input to other devices.
Although, BCIs have been successfully exploited in constrained laboratory environments, their exploitation in unconstrained everyday-life environment presents two main challenges. First, the classification algorithm should be robust to
dynamically changing operation conditions, and, thus, employ
fast adaptation mechanisms. Second, the underlying embedded
hardware should be capable of continuously running the algorithm in an on-line fashion, at minimum energy budget. This
work aims to address both challenges simultaneously, by proposing a novel method for EEG data classification.
As mentioned before, EEG data classification methods can
provide quite accurate results when they operate in constrained
environments, such as a laboratory. However, in unconstrained
real-life scenarios the EEG data classification results cannot be
considered accurate, mainly due to the non-stationary nature of
EEG signals, which results in significant temporal variability in
the measured response of the neurons [2]–[4]. Such variability
has been shown to be related with internal brain processes, such
as fatigue and attention, as well as with external ones, such as
variability in stimulus properties [5].
In general, the available methods for single-trial EEG signals
classification can be divided into two main categories. The first
category comprises of classification methods that work directly
in time or time-frequency domain, see for example the work in
[6]. These methods try to maximize the separation between pattern classes by analyzing directly the amplitude of the recorded
signals in an EEG time-series. The second category includes
methods that employ some sort of data preprocessing, like spatial
filtering, see for example the Common Spatial Pattern (CSP) [7],
xDawn [8], wavelet CSP [9], and CSP combined with S transform [10] algorithms. Very recently CSP was also extended for
preprocessing tensor objects of arbitrary order [11]. Then, the
preprocessed EEG signals are fed into a linear or nonlinear classifier [12], which is responsible for their characterization. The
data preprocessing task, usually is being conducted as a supervised learning task, in order to provide a way for enhancing the
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separability of the EEG samples belonging to different classes,
and, thus, facilitate the classification task.
Methods that belong to the first category can hardly cope
with the low signal-to-noise ratio of EEG samples, let alone the
non-stationary nature of the recorded signals. On the other hand,
the preprocessing and the classification tasks, for methods of the
second category, are applied separately in a “black box” fashion,
i.e., there is no information flow between the preprocessing and
the classification tasks, despite the fact that these are sequential.
This poses several problems, such as computational complexity,
difficulty in transfer of learning and adaptation from previous
training sessions, and, in many cases, a high risk for over-fitting
the classification model.
The proposed approach has the merits of the methods that
belong to the second category, i.e., enhanced EEG samples separability, while at the same time, it unifies the preprocessing
and classification task into a single step, in order to avoid their
drawbacks.

testing sessions), and this could result to ineffective spatial filters, which, in turn, may lead to inaccurate classification results.
The objective of CSP-based approaches is the maximization of separability among samples that belong to two different
classes [24] by maximizing the average power of one class, and,
at the same time, minimize the average power of the other (a formal definition of this criterion is presented in Section II-B). This
objective is not directly related to the classification accuracy. To
overcome this limitation, the authors of [25] integrate into a single unified model the CSP algorithm and a logistic regression
classifier. Based on their approach the spatial filters, as well as,
the coefficients of the logistic regression model are estimated simultaneously. Thus, spatial filters are optimized for the specific
classification problem at hand. However, the logistic regression
model can only produce linear decision boundaries in the input
space, and, thus, it may not be able to accurately capture the
statistical relationship between the input EEG signals and the
desired classification output.

A. Related Work

B. Our Contribution

Most of the works that target the classification of EEG patterns are heavily relied on the exploitation of the CSP algorithm. This algorithm is a feature extraction method that automatically constructs and applies optimized spatial filters on
EEG samples in order to increase between-class separability
in a binary classification task [13], [14]. This is achieved by
exploiting the Karhunen-Loeve expansion [15] to suppress the
temporal dimension of EEG samples. Specifically, the CSP algorithm projects the temporal dimension of the EEG samples into
a one-dimensional space, such that the variance of the power of
the first class is maximized, while the variance of the power of
the second class is minimized [13]. Although, the original CSP
algorithm targets binary classification problems, variations of
this algorithm have been proposed that address multiple class
classification problems [16], [17].
Due to the successful application of the CSP algorithm for
preprocessing EEG data, various methods have been proposed
for increasing the robustness of CSP [18]–[20]. This kind of
methods utilize prior knowledge (e.g., information from other
subjects) and introduce assumptions (e.g., neighboring neurons
tend to have similar activations and, thus, neighboring electrodes
should provide similar recordings) via regularization techniques,
in order to achieve robust filtering. Regularization techniques
based on stationary subspace analysis have also been proposed
for coping with the non-stationary nature of EEG patterns [21],
[22]. The work in [23] proposes an extension of the original
CSP algorithm. This method embeds time delays in the EEG
signal, in order to take into account not only the spatial information, but also the temporal, through the autocorrelation of EEG
channels.
All the aforementioned approaches utilize one average covariance matrix for the samples of each class, in order to
maximize the between-class separability. However, due to the
non-stationary nature of the EEG data these covariance matrices could change over time [22] (e.g., between training and

Our work is motivated by the work presented in [25], which
involves a logistic regression model and CSP filters which are
trained at once. Our work extends the approach in [25], by
proposing a deep neural net architecture, which is extended both
in width and in depth, in order to increase its representation and
discrimination power.
Already mentioned that the CSP algorithm maximizes the
separability among samples that belong to different classes. For
doing this, one average covariance matrix for each one of the
available classes, given a training set, is calculated. One of the
major flaws of the CSP algorithm stems exactly from this fact.
As EEG is a non-stationary signal its covariance matrix changes
over time (e.g., between training and testing sessions). As a result, by representing all of the EEG epochs of a class in a given
training set by only one average covariance matrix can result in
inaccurate spatial filtering [22]. Our work builds upon this idea,
by proposing a novel neural network architecture. The proposed
model aims to overcome the aforementioned drawback by utilizing a number of different CSP filters spread across the temporal
domain, and then, by employing an attention mechanism, similar to those used in state-of-the-art natural language processing
models [26]. The attention mechanism decides how to organize
the CSP filters, and what level of significance to assign to them
in a completely data-driven way. Since attention mechanisms
allow for a selective assignment of the hidden state of the model
at different points, we train simultaneously multiple CSP filters
producing a series of hidden state representations for overlapping time sequences.
Moreover, our approach aims to overcome one more limitation of CSP, which is related to the employed fitness function.
The computation of the spatial filters is based on the maximization of Rayleigh quotient, which is very sensitive to outliers and
noise [27]. In contrast, to CSP, our approach derives the spatial
filters by directly minimizing the misclassification error. Therefore, the derivation of the spatial filters avoids the optimisation
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of the Rayleigh quotient, which is only indirectly related to the
classification task, and, as mentioned before, is very sensitive to
outliers.
Finally, motivated by the recent advances in hardware that
permit machine learning applications to run in portable devices,
this work presents a reference implementation of the proposed
novel neural network architecture in reconfigurable hardware.
Through this implementation we are able to demonstrate that
the proposed approach can be efficiently accelerated using custom hardware achieving an outstanding efficiency in terms of
computation per watt, enabling future BCI applications to be
seamlessly supported by portable embedded devices. To summarize, we propose a novel modular and extensible EEG classifier that unifies numerous CSP approaches efficiently integrated
within a single end-to-end trainable neural network.
The main contributions of the proposed methodology are the
following;
1) integration of both time and spatial domain approaches in
a single scheme,
2) introduction of a novel end-to-end trainable neural network architecture,
3) introduction of an innovative spatio-spectral filtering approach utilizing time-delayed inputs,
4) support, for the first time, of adaptability and transfer of
knowledge between sessions and/or subjects by using multiple CSP filters with an attention mechanism, and
5) a very efficient prototype implementation in state-of-theart reconfigurable hardware using an High Level Synthesis
(HLS) approach.
The rest of the paper is organized as follows; Section II briefly
describes the idea of attention mechanisms in neural networks,
as well as, the modification of these mechanisms in order to
be applied on the problem of EEG data classification. It further
describes in more detail the CSP technique and the proposed
learning architecture methodology. Section III describes in detail
the training algorithm along with the associated derivatives in
the backward graph. Finally in IV we present the evaluation
results of the proposed scheme in public available datasets, as
well as, our prototype hardware implementation.
II. PROPOSED METHODOLOGY
Before proceeding to the detailed description of our methodology, we give some notes on the notation used throughout this
paper; matrices are denoted with bold uppercase letters, vectors
with bold lowercase letters, and scalars with lowercase letters.
A. Attention in Neural Networks
According to [26], the following definition states what an
attention mechanism is.
Definition 1: Given a model which preserves a hidden state
hj at each time step j (K in total) of its input sequence IK , an
attention mechanism is able to compute a “context” vector v,
which is representative for the whole input sequence, and can
be defined as the weighted sum of the K hidden states given by
v=

K

j=1

aj hj .

(1)

Fig. 1. A typical seq2seq architecture with attention. The encoder and decoder
are usually utilized with RNN/LSTM networks.

In relation (1), variable K stands for the total number of time
steps in the input sequence IK , and aj is a weight computed at
each time step j given the state hj .
If the attention mechanism produces a sequence Si in a number of steps (e.g., in the case of seq2seq models [28] in Fig. 1),
instead of producing a single output, then the weights, and, as a
result, the context vector depends on the current output step i of
the output sequence and it is given by the following formula
vi =

K


aij hj .

(2)

j=1

Such models are comprised of an encoder (i.e., a bidirectional
Recurrent Neural Network (RNN)) and a decoder (i.e., unidirectional RNN) bound together with an attention mechanism as
depicted in Fig. 1. In such cases, for the same input sequence IK ,
the attention mechanism “weights” differently the hidden states
hj based on the time step i of the output sequence Si . In practice
the context vectors v i are generated from a feed forward neural
network which takes as input the concatenation of hj and the
current state or the output Si . The parameters aij are estimated
during the training phase of the network.
Our work presents a novel approach that utilizes, for the very
first time, this notion of attention for classifying EEG data. The
classification model proposed in this work has a single output
and not a sequence of outputs. Therefore, by using a straightforward simplification to the above attention mechanism, a single
vector v is produced from each EEG epoch sequence using the
internal hidden states hj produced by a sequence encoder. The
proposed sequence encoder is formed by multiple CSP modules
each one taking as input a different segment of the EEG epoch
(K segments in total). The parameters of CSP modules are estimated during the training phase of the network. The proposed
attention architecture, in its most general configuration, is depicted in Fig. 2. In this configuration, and, in order to simplify
the design, the possible dependencies in the input sequence are
not directly taken into account. However, if such a feature is
needed an RNN can be added on top of the CSP modules, so
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be the covariance matrix of epoch X c,i and the average covariance matrix of class c, respectively. Then relation (4) can be
rewritten as
P̄c = w R̄c w.
Thus, the CSP technique increases the between-class separability through the estimation of the projecting vector w∗ by solving
the following problem:
w∗ = arg max
w

Fig. 2. Our Neural Network architecture with utilizing attention and a sequence encoder using CSP. The whole network is end-to-end differentiable.

as to perform this task. Moreover, despite the fact that our implementation is relatively simple (it does not utilizes an RNN),
it is able to cover certain input dependencies due to the overlap
between the subsequent inputs fed into the CSP modules.

For the sake of clarity and completeness, this subsection
briefly describes the CSP technique, which is necessary for accurately describing our proposed methodology.
EEG recordings are organized in sessions, and each session
consists of several epochs. The objective of an EEG classification scheme is to classify epochs into a given number of classes.
The CSP algorithm is a widely used technique for preprocessing
EEG signals, in order to increase the separability between different pattern classes. Each epoch in a session should be a zero
average signal, and can be represented by a matrix
X c,i ∈ RN ×T ,

(3)

where superscript c denotes the class of the epoch, subscript i
is the epoch number belonging to class c, N is the total number of EEG channels, and T stands for the number of samples
captured by each one of the EEG channels during an epoch. In
binary classification problems, the CSP technique increases the
between-class separability by trying to maximize the average
power of one class and, at the same time, minimize the average power of the other. The average power of class c can be
calculated as follows:
nc
1 
w X c,i X 
c,i w,
nc i=1

(4)

where vector w ∈ RN projects X c,i into an T -dimensional
space and nc is the number of epochs that belong to the c-th
class. Let
Rc,i =

(6)

Problem (6) is a standard eigenvalue problem, and w∗ is equal
to the eigenvector that corresponds to the largest eigenvalue of
−1
R̄2 R̄1 .
The CSP filter, W , is a matrix, which is constructed by using M = 2m, (M ≤ N ), eigenvectors corresponding to the m
−1
largest and m smallest eigenvalues of R̄2 R̄1 . Assuming that
−1
the eigenvectors of R̄2 R̄1 have been sorted in order of decreasing eigenvalues, the CSP filter matrix is defined as
W = [w1 , . . . , wm , wN −m+1 , . . . , wN ].

(7)

Having estimated the CSP filter W , each epoch is spatially filtered by

B. The CSP Technique

P̄c =

w R̄1 w
.
w R̄2 w

X c,i X 
c,i

tr(X c,i X 
c,i )

and R̄c =

nc
1 
Rc,i
nc i=1

(5)

Y c,i = W X c,i ,

(8)

and, finally, it is represented by a feature vector f c,i of the following form;


var(Y 1c,i )
var(Y M
c,i )
f c,i = log M
· · · M
,
(9)
j
j
j=1 var(Y c,i )
j=1 var(Y c,i )
where Y jc,i stands for the j-th row of Y c,i . Typically, features
f c,i are used to train an EEG classifier.
C. The Proposed Unified Neural Network Architecture
The overall architecture of the novel classification scheme,
proposed in this work, is presented in Fig. 3. It consists of two
key components; i) the CSP encoder layer, and ii) the attention
layer that has the form of a fully connected layer. Both of those
layers have trainable parameters, which are estimated during the
end-to-end training phase of the network. The CSP encoder layer
has multiple decoupled CSP modules, i.e., they do not share parameters, that treat different segments of the input EEG epoch
sequence (with a certain overlap) as depicted in Fig. 2. This implies that, during the training phase, the CSP encoder layer learns
to map the input EEG sequence to multiple feature vectors (i.e.,
the hidden states of the network). Then, the model automatically
weigh the produced hidden states in the attention layer, in order
to compute a representative context vector of the EEG patterns.
Since the parameters of all layers are being simultaneously estimated during the training phase by minimizing classification
error, we argue that the constructed context features can be considered as the most discriminative representation of EEG epochs
with respect to the classification task at hand.
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The overall architecture of the proposed scheme.

The ultimate objective of the proposed learning scheme is to
accurately classify EEG epochs. Each EEG epoch can be represented as a matrix, whose each row corresponds to a sequence of
measurements that were recorded by a specific electrode (channel) and spans a specific time interval [see relation (3)]. The fact
that the statistics of the EEG signals may vary over time, can
significantly deteriorate the performance of a conventional classifier. In order to address this problem, we split each EEG epoch
in different segments along the temporal dimension, constructing
a sequence of sequences; each of them is treated by a different
CSP module. This segmentation process is similar to applying a
sliding kernel filtering approach. If the stride equals the size of
the filter, then no overlap between the segments occurs. However, in order to guarantee that any event related potentials are
not interrupted across different segments, a hyperparameter is
introduced to allow and, at the same time, control the percentage
of overlap among subsequent segments.
Moreover, time delays, can be introduced in the input EEG
sequence in order to embed the idea of spatio-temporal filtering
[23] into the proposed model in an indirect way. This can be
achieved by concatenating the time delayed EEG epochs along
the channels’ dimension without affecting the overall architecture of the model.
Having split the EEG epoch into segments, each one of the
segments is fed as an input into a CSP pipeline (see Fig. 3).
Subsequently, each one of the CSP pipelines output features,
as given by (9), which form separate internal hidden states. It
should be noted here that the proposed architecture is end-to-end
trainable, and, thus each Y c,i [see relation (9)] is being estimated

during the training phase of the network. The output of the ith CSP pipeline is an M -dimensional representation of the i-th
input segment [see relations (7) and (9)]. It should be stressed
that the M -dimensional representations of the input segments
can be computed independently, something that emphasizes the
inherent parallelism of the proposed methodology.
Finally, the M -dimensional representations of the segments
are fed into the attention layer, which, in its general form as
depicted in Fig. 2, consists of multiple instances of a neural
network, i.e., it shares parameters among instances. The attention layer, firstly, computes interdependently the parameters of
each hidden state, and, then, in a subsequent layer all the hidden
states are weighted to form a single context vector. The current
implementation of the attention layer is simplified. Instead of
using multiple instances of a shared neural network, a fully connected layer is used. This simplified configuration is not affecting the accuracy of the proposed model, as shown in the results in
Section IV. The final layer is the output layer, which actually is
responsible for the estimation of the decision boundary given a
number of available classes and the context vector produced by
the attention layer.
To summarize, the proposed novel EEG classification scheme
receives as an input a sequence of EEG epochs (or an EEG
epoch plus the corresponding delays as different channels) split
into segments. Each one of the segments is fed into a separate
CSP pipeline, which, in turn, encodes an M -dimensional hidden representation of its input. Then, all hidden representations
are fed to a fully connected layer (or multiple fully connected
layers with shared weights in its fully blown version), which is
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Specifically, if we denote as x(t) = [x1 (t) x2 (t) · · · xN (t)]
the vector that contains the t-th samples of each channel, then
the output of CSP pipelines with respect to x(t) is given as
y (t) = W CSP , x(t) ,

(10)

where W CSP ∈ RM ×N are the weights of CSP pipelines that
treat the EEG signals captured at time t, while
y (t) = [y1 (t), y2 (t), . . . , yM (t)] ∈ RM .
Aggregating together y

(t)

(11)

for t = 1, 2, · · · , T the matrix

Y = [y (1) , y (2) , . . . , y (T ) ] ∈ RM ×T

(12)

can be formed. Let us denote as
Fig. 4.

The architecture of the proposed network.

responsible to weight the hidden states into a context vector. Finally the output layer takes the role of a linear classifier which
decides the label of the incoming input sequence. In order to
better understand the flow of information through the proposed
classification scheme, Fig. 4 presents the architecture of the network when only one segment of the sequence is used as input.
A very important feature of our innovative approach is that all
CSP encoder pipelines, the attention layer and the output layer, as
shown in Fig. 3, are natively embedded into a single and unified
neural network architecture, which can be trained end-to-end.
III. TRAINING ALGORITHM
The problem that is being addressed in this work is a classification problem. Therefore, in order to estimate the parameters
of the proposed neural network architecture through a training
process, the cross entropy loss is minimized with respect to neural network’s weights. Firstly the derivative of the error with
respect to the network’s weights is computed using the backpropagation algorithm, and then, network’s weights are updated
towards the negative direction of the derivative using a gradient
based optimization algorithm.
In the following subsection we introduce the mathematics for
the forward pass of information through the network, and then,
based on the forward pass, we derive the formulas for computing
the derivative of the error with respect the network’s weights
using the backpropagation algorithm.
A. Forward Pass
The input to the network is an EEG epoch split into segments
[see Section II-B]. Each segment is a matrix with N × T elements, where N is the number of channels and T is the number
of samples captured by a specific channel during a predefined
time interval. Each one of the segments passes through a CSP
pipeline [see Fig. 4], which filters the segment along the spatial
dimension (i.e., EEG channels). The filtered segment is a matrix
with M × T elements, where M < N . This filtering is realized
by multiplying the input with appropriate weights.

y m := [ym (1), ym (2), . . . , ym (T )]

(13)

the m-th row of matrix Y . Then, following the original CSP
algorithm, the neural network computes the variance of each
row y m to form the following vector:
f = [f1 , f2 , ·, fM ],

(14)

where fm = var(y m ) is the variance of the m-th row of matrix
Y . At the next step, and according to relation (9), the network
produced the CSP-like feature vector
h = log(f ).

(15)

In relation (15) the log(·) operation is performed element wise.
After the computation of the CSP-like feature vector h, the information is propagated through the layers of the network towards
the output layer, in the same way as when fully connected feed
forward neural networks are used.
B. Backward Pass
As mentioned before, the parameters of the proposed neural
network (i.e., network’s weights) are estimated by minimizing
the cross entropy loss function with respect to network’s weights.
For doing this, the partial derivative of the loss function with respect to network’s weights is computed using the backpropagation algorithm. In should be stressed that via the backpropagation
algorithm the partial derivatives of all network’s weights, both in
the CSP pipelines and the fully connected layers, are computed.
As the spatial filtering is occurred in the spatio-temporal domain within a complete EEG epoch, the parameters should be
updated after a complete EEG epoch is fed to the network, when
stochastic gradient descent is utilized, or a batch of an EEG
epochs, when batch gradient decent is used. In other words for
our specific EEG classification problem, each training example
(i.e., EEG epoch) consists of T (samples) × N (channels) and
we need at least one such example in order to perform the back
propagation task.
The error function is calculated according to the network output and the class label(s) of the EEG epochs presented in the
network for the current example (batch of examples). All the
weights are initialized randomly before the training process.
The partial derivatives of the loss function with respect to
the weights of the fully connected layers of the proposed neural
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network can be computed via a typical application of the backpropagation algorithm. Therefore, what needs to be described
is the computation of the partial derivatives of the loss function
with respect to the weights of the CSP pipeline of the proposed
architecture.
Let us denote as δ 4 the error with respect to the loss function
and the weights of first fully connected layer of the proposed
architecture [see Fig. 4], and as δ 3 and δ 2 the error with respect
to the loss function, and the log(·) and var(·) operations, respectively, of the CSP pipeline of the network. Finally, let us denote
as δ 1,t the error with respect to the loss function and the weights
of the input x(t) [see relations (10) and (11)]. Then,
δ 3 = W , δ 4  ∈ RM ×1 ,

TABLE I
DESCRIPTION OF THE CHICHOCKI’S DATASET

(16)

where W stand for the weights that connect the output of the
CSP pipeline to the first fully connected layer. Regarding δ 2 ,
and δ 1,t , we have that
δ 2 = δ 3  f −1 ∈ RM ×1
and
δ 1,m = [I T δ2,m ] 



2
ym
T |W m |



(17)

∈ RT ×1 .

(18)

In relation (18) I is a vector with T ones, δ2,m is the m-th element
of δ 2 , and W m are the weights that transform the input into y m .
The operator “” represents the element wise multiplication.
Finally,
δ 1 = [δ 1,1 , δ 1,2 , . . . , δ 1,M ] ∈ RT ×M .

(19)

Having estimated the quantity δ 1 the partial derivative of the
loss function with respect to the W CSP parameters is given by
∂C
= δ 1 , X,
∂W CSP

(20)

where C is the loss function and X = [x(1) x(2) · · · x(T ) ] .
After the computation of loss function partial derivatives with
respect to the network weights, a gradient based optimization
algorithm can be used for minimizing the loss by updating the
network’s weights towards the negative direction of the derivatives.
IV. EVALUATION RESULTS
In this section we investigate the performance of the proposed
methodology in terms of EEG signal classification accuracy. We
also present a prototype hardware implementation of our proposed scheme and evaluate its efficiency in terms of processing
speed and energy consumption.
A. Dataset Description and Experimental Setting
For the evaluation of the proposed scheme, we use the public
available and widely used Cichockis1 benchmark. This dataset
contains several EEG data sets that were recorded from healthy
subjects. The cue-based BCI paradigm consisted of trials in two
different setups of motor imagery tasks. The first set (LH/RH)
1 http://www.bsp.brain.riken.jp/∼qibin/homepage/Datasets.html

considers the imagination of movement of the left hand (LH) or
right hand (RH). The second set (LH/F) the imagination of left
hand (LH) or both feet (F). Apparently both tasks with regard
to machine learning, fall in the same category of binary classification. Table I provides the detail information of data sets
which are used in our experiments. It should be mentioned that
the sampling rate for all data sets is 256 Hz.
The aforementioned data sets are used for evaluating the classification accuracy of the proposed scheme both when the training and the testing data are coming from the same recording
session (single-session evaluation), and when the training and
the testing data are coming from multiple sessions, recorded at
different times (between-sessions evaluation). We focus though
in the multiple sessions scenario as the proposed architecture
is the first introduced which tries to handle the time variability
(non-stationary process) of the EEG signal between different
sessions.
All experiments are conducted following a 5-fold crossvalidation approach, and the classification accuracy of our
methodology is compared against a logistic regression classifier
that is fed with EEG features produced via the CSP algorithm
(LRCSP). The LRCSP is the most commonly used approach
for analysing and classifying EEG signals, and, in this work, it
serves as a baseline benchmark. Despite the fact that our methodology permits the design of deep networks, we decide to use a
network without any fully connected hidden layers. Instead, we
design and utilize a network with one hidden layer, that corresponding to the CSP pipelines. This way, our network produces
linear decision boundaries in the space of the CSP-like features
produced by the CSP pipelines, and, thus, we can conduct a fair
comparison against LRCSP, which is also linear in the space
of CSP features. Moreover, for all the experiments we used the
same hyperparameters for the learning algorithms. Specifically,
we use Stochastic Gradient Descent optimizer for learning the
network weights. We set the initial learning rate equal to 0.15
and utilize a learning rate drop strategy by reducing the learning
rate 20% every 100 training epochs, while the training process
does not employ any stopping criteria; instead, it terminates after 1000 training epochs. We use 5% dropout in the input layer
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(i.e., the CSP layer), while also implemented a set of 5 different
time delays (i.e., delays = 2, 4, 8, 12, 16) in the input channels
that simulates the method of [23]. Time delays are concatenated
in the channel dimension which gives as a total number of 36
channels (5 delays for each one of the 6 channels plus original
6 channels). Finally, the overlap percentage of EEG segments is
set to 50%. The values for the aforementioned parameters were
selected via the employment of cross-validation combined with
a grid-search approach.
Before proceeding to the experimental validation of the proposed model, we have to give some information regarding the
number of its trainable parameters. The number of parameters
of the proposed network is equal to
K · M · N + K · M · H1 +

L−1


(Hi + 1) · Hi+1 + HL + 1

i=1

(21)
where K the number of EEG segments, M the number of employed CSP pipelines (filters), and N the number of EEG channels (plus the delayed channels). Variable Hi stands for the number of neurons in the i-th fully connected hidden layer. As mentioned before, in our experiments we used a network with one
hidden layer, that of the CSP pipelines, although our methodology is general enough to support the design of deeper architectures. Without any fully connected hidden layers, and by setting
the number of overlapping segments (parameter K) equal to 2
and the number of CSP filters (parameter M ) equal to 4, the number of parameters of our network is 297. The number of trainable parameters is relatively small due to the sparse connectivity
property of the CSP pipelines. Since, the number of parameters
is comparable to the number of available samples for training
(see Table I), our network is able to avoid overfitting. In addition,
the very strong inductive bias introduced via the CSP pipeline,
which applies a very specific transformation on the input, shields
further our network against overfitting. In general, the introduction of bias in a learning model reduces model’s variance making
it less prone to overfitting, see [29] Ch.5 and Ch.13.2.
B. Single-Session Evaluation
In this subsection, we evaluate the performance of the proposed scheme in the case where the training and the testing sets
are coming from the same session. Our proposed network is parameterized by K, that is the number of overlapping segments,
and M , that is the number of CSP filters. Therefore, we conduct two different sets of experiments in order to evaluate its
performance with respect to these two parameters.
In the first set of experiments, we keep parameter K fixed
(K = 2) and evaluate the performance of the proposed approach
using different number of CSP filters (M parameter). This way
we can investigate the effect of parameter M on the performance
of the proposed methodology, and also to compare the classification accuracy of the proposed method against LRCSP. As
mentioned before, for all the experiments we followed a 5-fold
cross validation setting. At this point it has to be mentioned, that
for each one of the experiments we utilize the same number of
filters both for our approach and for LRCSP. The results of this
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evaluation are presented in Table II. For each one of the models,
the average classification accuracy and the standard deviation
across the 5 folds are reported. As it can be seen, our proposed
methodology consistently outperforms the LRSCP methodology when more than 1 filters are used, despite the fact that both
methodologies utilize the same number of filters. The only exception is the fifth session i.e., 5Dchan2LR. For this session
more than 2 filters are required in order for our approach to outperform LRCSP. In the case of M = 1 the number of trainable
parameters employed by our approach is very small. Due to this
fact our method seems to not be able to fit the data, and, thus,
the LRCSP method performs better.
Besides the average classification accuracy, Table II also
presents the standard deviation of the models. The standard deviation can provide an indication of the statistical significance
of the results. In order, however, to be more rigorous, we also
conducted t-tests to compare the performance of the models in
Table II. Via the t-tests we check whether or not the null hypothesis that the two approaches, our method and the LRCSP,
perform the same is valid. For the experiments in Table II we
used four different sets of parameters for each approach, which
implies that in total there are four different models of our proposed network and four different LRCSP models. For each set
of parameters we conducted a t-test to check whether the corresponding models perform the same over all subjects. The pvalues for the null hypothesis to hold for the models parameterized by one, two, four and six filters are 0.89, 0.05, 0.01, and 0.02
respectively. Based on these t-tests, we can safely reject the null
hypothesis for the three out of the four cases, and conclude that
the performance of our approach is statistically superior than the
performance of the LRCSP model.
In the second sets of experiments, we keep fixed the parameter M (M = 2), and evaluate the performance of our approach
using different number of overlapping time segments, that is
parameter K. In these experiments, we do not perform any
comparison against LRCSP, since this method does not employ
multiple overlapping time segments, and, thus, its performance
is not affected by this parameter. Again, we follow a 5-fold
cross-validation approach, in order to evaluate the classification
accuracy of our methodology. The results of these experiments
are summarized in Table III. For K = 2 and K = 3 our method
achieves the highest classification accuracy for all subjects. For
values of K larger than 2 the performance slightly decreases.
This implies that two or three overlapping time windows are
adequate enough for capturing the non-stationarities of the EEG
signals.
C. Between-Sessions Evaluation
In this set of experiments we evaluate the classification accuracy of the models when the training and the testing data are
coming from different sessions. In other words, we use a number of sessions to train the network and a single session to test
its accuracy. We repeat the same procedure after changing the
training and test sessions like in a k-Fold cross validation scenario. The average classification accuracy is computed after all
the possible iterations (e.g., for 3 sessions we have 3 possible
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TABLE II
AVERAGE CLASSIFICATION ACCURACY AND STANDARD DEVIATION OF THE PROPOSED MODEL AND LRCSP WHEN DIFFERENT NUMBER OF CSP FILTERS ARE
USED

TABLE III
AVERAGE CLASSIFICATION ACCURACY AND STANDARD DEVIATION OF THE
PROPOSED MODEL WHEN DIFFERENT NUMBER OF OVERLAPPING WINDOWS
ARE USED

iterations). In Chichocki’s dataset, data for between-session performance evaluation are available only for one subject, that is
Subject C, which is conducting two different tasks.
In order to provide a thorough investigation regarding the
between-session performance of the models we conducted a set
of experiments keeping the parameter K fixed (K = 2) and evaluating the performance of the two approaches, our approach and
LRCSP, using different number of filters (M parameter). This
way, we can, firstly, investigate the effect of M parameter on
the models’ between-session performance, and, secondly, build
different models for conducting statistical tests. For each of the
tasks the performance results are presented in Table IV. These
results suggest that our approach irrespective of the value of parameter M outperforms the LRCSP model. In order to evaluate
the significance of these results we conducted t-tests for accepting or rejecting the null hypothesis that the two models perform
the same. For the first task, that is Cchan2LF, the p-values for accepting the null hypothesis are 0.001, 0.008, 0.05, and 0.05 for
M = 1, M = 2, M = 4, and M = 6 respectively. Therefore,
we can safely reject the null hypothesis and conclude that our
approach is superior that LRCSP. Regarding the second task,
that is Cchan2LR, the corresponding p-values are 0.66, 0.45,
0.19, and 0.24. In this case we cannot safely reject the null hypothesis, despite the fact that our models seems to significantly
outperform the LRCSP approach.
Finally, the Epoch plot diagrams are depicted in Fig. 5. In
these diagrams the time variability of the signal in the case of
between-session evaluation is presented. In order to visually depict the time variability phenomenon all epochs were stacked and
reordered using a 1D spectral embedding as described in [30].
The power of the signal in all channels show a similar behavior

Fig. 5. Epoch plot diagrams for ch1, ch2. Experiment: Subject 3 6chan2 LR
for 4 sessions.

where the event related potentials are displaced in the duration of
the Epochs across sessions. Our scheme though seems to handle
it equally well as in the within-session (cross-validated) evaluation where the time variability of the signal is much smaller.
Before we present the prototype hardware implementation of
our proposed scheme, we have to state that our approach is a strict
generalization of LRCSP. In the case where a single time window
is used (K = 1), setting the same value for parameter M , i.e., the
number of CSP filters, will made the two approaches equivalent,
and thus their performances is expected to be the same. Using,
however, more than one overlapping time windows, which is a
unique feature of our methodology, the two approaches cease to
be equivalent, with our approach to achieve higher classification
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TABLE IV
AVERAGE CLASSIFICATION ACCURACY AND STANDARD DEVIATION OF THE PROPOSED MODEL ACROSS DIFFERENT SESSIONS WHEN
DIFFERENT NUMBER OF CSP FILTERS ARE USED

results (see Tables II, III, and IV). This superiority, in terms of
classification accuracy, lies mainly in the fact that we split the
time sequence in overlapping time-segments that are followed
by separate CSP modules in order to address the non-stationarity
characteristics of the EEG signal.
This superiority, however, in terms of classification results,
comes at a cost in the time required to train our model. Specifically, LRSCP requires about 1.5 seconds for training using data
for one subject, while approach requires about 23 seconds.2
This fact encouraged us to further propose a prototype hardware implementation in order to efficiently speedup computation
and make our approach applicable in real application scenarios
where continuous model adaptation is needed. Regarding predict
times, both methods are able to provide predictions in less than
0.2 seconds. The LRCSP method provides predictions, firstly,
by the application of a linear transformation on the data, and,
secondly, by the evaluation of the logistic regression function estimated during training. Our approach provides predictions via
a single evaluation of a nonlinear function modeled by the proposed network. The prediction times, which are crucial for the
applicability of a BCI system, are very small for both methods
making them suitable for real-time applications.

TABLE V
TYPICAL HARDWARE COST ON XILINX ARTIX7 (XQ7A200TRB484-1I) KINTEX035 (XCKU035-FBVA676-1-C) & KINTEX115 (XQKU115-VLRF1924-2-I)
DEVICES (PIPELINE AND UNROLL)

The prototype implementation of our scheme takes place in a
number of low cost as well as high-end FPGA3 devices, so as to
demonstrate its efficiency when implemented in hardware. The
three devices that are selected are the low-end Xilinx Artix7,
the medium-end Xilinx Kintex7-035, and the high-end Xilinx
Kintex7-115 UltraScale FPGA devices. Table V presents the
hardware cost for the Artix7 and Kintex 35 devices. Due to
the inherent parallelism and modularity of the proposed novel
scheme, the more hardware resources are being available, the
more resources covered by our implementation using more than
60% of DSP in all devices.

D. Hardware Implementation
E. Performance and Optimization

In this section, a prototype implementation of our novel
scheme in custom hardware is demonstrated. Our hardware module can be used as an accelerator hosted in a SoC (System on
Chip) of an embedded device such as a processing-capable EEG
headset or any other smart device connected to an EEG headset
like a mobile phone. For the latter, hardware accelerators are
getting very popular nowadays among the SoCs utilized in all
the modern phones as they offer high processing power at a very
low energy consumption. As the EEG processing, in the form,
for example, of a BCI, should be performed continuously in an
on-line fashion the corresponding energy consumption is very
important.

In this section the performance of the proposed hardware prototype implementations in terms of processing speed per batch
(μs) and consumed energy per batch (mjoule) is presented. In
order to demonstrate the efficiency of our hardware implementation the performance and energy consumption of our prototypes are compared to those triggered by an Intel i7 7700HQ
energy efficient mobile CPU running at 3.80 GHz. The code
running in the CPU is a single threaded fully optimized (-O3)
C++ code, where the hardware id produced by using a C-based
description and the Vivado HLS4 FPGA design tool, with the
optimization pragmas UNROLL and PIPELINE. The hotspot of

2 these times were obtained on a specific laptop with Intel i7 CPU, and may
differ on other machines.

3 https://www.xilinx.com/products/silicon-devices/fpga/what-is-anfpga.html
4 https://www.xilinx.com/products/design-tools/vivado/integration/esldesign.html
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TABLE VI
PERFORMANCE AND POWER CONSUMPTION

is suitable for ultra low power custom accelerators that can perform seamless EEG processing in portable headsets under very
low energy budget.
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