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A deep CNN approach to decode motor preparation of
upper limbs from time-frequency maps of EEG signals
at source level
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Abstract

A system that can detect the intention to move and decode the planned
movement could help all those subjects that can plan motion but are unable to
implement it. In this paper, motor planning activity is investigated by using
electroencephalographic (EEG) signals with the aim to decode motor prepara-
tion phases. A publicly available database of 61-channels EEG signals recorded
from 15 healthy subjects during the execution of different movements (elbow
flexion/extension, forearm pronation/supination, hand open/close) of the right
upper limb was employed to generate a dataset of EEG epochs preceding rest-
ing and movements onset. A novel system is introduced for the classification
of premovement vs resting and of premovement vs premovement epochs. For
every epoch, the proposed system generates a time-frequency (TF) map of ev-
ery source signal in the motor cortex, through beamforming and Continuous
Wavelet Transform (CWT), then all the maps are embedded in a volume and
used as input to a deep CNN. The proposed system succeeded in discriminating
premovement from resting with an average accuracy of 90.3% (min 74.6%, max
100%), outperforming comparable methods in the literature, and in discrimi-
nating premovement vs premovement with an average accuracy of 62.47%. The
achieved results encourage to investigate motor planning at source level in the
time frequency domain through deep learning approaches.
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Learning, Convolutional Neural Network, Time-Frequency Analysis,
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1. Introduction

Brain Computer Interface (BCI) is a research field that covers a wide vari-
ety of advanced methods aiming at detecting and decoding brain’s intention and
thoughts. Current non-invasive BCIs systems mainly rely on electroencephalo-
graphic (EEG) sensorimotor rhythms (SMR) associated with the imagination
of movements [I]. However, SMR-based BCIs are still far from being natural
because they can somehow reliably discriminate between sustained imagination
of moving the right or left hand or feet [2] and, in order to overcome the ability
to discriminate between a limited number of classes, more complex commands
(for example hand open/close) are usually associated to the motor imagery (MI)
of feet or of a rotating object [3]. This unnatural mechanism requires an inten-
sive users training and causes a significant delay between the intention and the
issued control command [I]. Such a delay undermines the positive effects that
BCI rehabilitation systems may have on neural plasticity (plasticity can be stim-
ulated, for example, by watching the desired movement displayed on the screen)
and makes such an approach not applicable whenever the aim is to control a
device in a natural way. On the contrary, being able to detect and decode the
intention/attempt to make a movement could generate the desired command
without delays due to the need of sustained motor imaging. Furthermore, plas-
ticity stimulation would greatly benefit from the ability of the BCI system to
decode the intention/attempt to perform different sub-movements of the same
limb from EEGs, which is very challenging due to the inherent limitations of
EEG technique (poor spatial resolution and noise) [4].

Decoding movement preparation is useful whenever the aim is to control
a device or an avatar (like in a rehabilitation scenario). The BCI system is
designed to decode the intention of movement and to provide a control or a
visual feedback of the movement that the subject intends to perform. In case
of patients where the movement is correctly planned but the ability of muscles
to implement the desired movement is partially or totally lost (for example,
in myopathies or dystrophies), the desired movement could be detected and
displayed or used to control a device. In case of patients who could benefit
from rehabilitation to compensate for motor deficits, watching an avatar fully
reproducing the intended movement that the subject can only partially carry
out, would stimulate the plasticity of the neural motor circuitry [5]. Inspired
by this principle and by the pioneering work of Ofner et al. [6], we decided to
investigate if motor preparation of different sub-movements of the same limb
maps differently into the neural signals. Since each subject plans movements at
a neural level in a unique way [7), 8, [9, 0], BCI systems usually include a cali-
bration phase [3] in order to optimize their own ability to interpret the specific
patterns of the single subject. This means that BCI systems should be as much
as possible data-driven. Hence we propose a method based on Deep Learning
(DL) to discriminate the subject-specific patterns of motion preparation from
neurophysiological signals. EEG allows to record neural activity non-invasively
[11] and is widespread, low-cost, fast to set up, very well tolerated by subjects,
and even widely used to monitor neurological disorders [12], [13]. Nevertheless,



EEG is generally thought to be not able to provide sufficiently detailed informa-
tion to reconstruct complex sub-movements, mainly because EEG records the
mixed activity of large numbers of neurons due to volume conduction effects
[T, (14}, (15, [16].

In order to overcome this issue, in the present work, scalp EEG signals are
firstly projected into the cortex (source space) by solving the inverse problem.
Then, the motor cortex (premotor, supplementary motor (SMA) and primary
motor areas) is selected for the analysis. In this way the effects of volume
conduction can be mitigated and the spatial resolution improved [I7]. Fur-
thermore, since it has been shown that motor preparation comes with specific
patterns both in the time and frequency domain [I8], a Time-frequency (TF)
approach is proposed. Indeed, TF analysis provides a view of how frequency
characteristics of signals vary over time, which is of paramount importance in a
dynamic process such as planning and control of movements [19]. Here, we hy-
pothesize that movement intention can be decoded from the TF representation
of the electrical activity in the motor cortex, in the time frame preceding the
onset of motion. In particular, we hypothesized that a link exists between sub-
movement planning and the mutual relationship between the time-frequency
maps of spatial source locations in the motor cortex. Going more into details,
we hypothesized that the convolution of time-frequency maps along the spa-
tial source locations direction can provide information about motion planning.
The proposed method takes into account the time-frequency behaviour of EEG
sources at different spatial locations, thus it benefits from information derived
from the combination of three domains: time, frequency and space. To this end,
the TF maps of all source signals are stratified in a single 3D map (x: time,
y: frequency, z: source) and used as input to a deep Convolutional Neural Net-
work (CNN). Through convolutional layers, the developed DCNN could learn
the intended movement from the mutual relationship between TF patterns of
the various sources (i. e. of the various sub-areas of the motor cortex associated
to that source locations), and discriminate if the brain is planning to trigger a
movement and which movement is going to be performed. Specifically, in this
study, the EEGs dataset provided by Ofner et al. [6] is taken into account,
including six upper limb movement types (elbow flexion (EF), elbow extension
(EE), forearm supination (SU), pronation (PR) and hand open (HO), hand
close (HC)) and resting (RE) phases. The 1-versus-1 classification method is
applied coming up with 21 classifiers that can be divided into two classification
types (Table : premovement versus premovement (premov vs. premov) and
premovement versus resting (premov vs. rest).

The main contributions of the present work can be summarized as follows:

e development of a method able to detect motion preparation by discrim-
inating between EEG segments preceding the onset of motion and EEG
resting segments;

e development of a DL system which is in principle able to discriminate
between EEG segments preceding the onset of different kind of motion
of the same limb (hand open/close, forearm supination/pronation, elbow



flexion/extension) via a DCNN classifier based on a 3D representation of
TF maps;

e development of a EEG-BCI system potentially relevant in clinical real-
world applications.

The rest of the paper is organized as follows: Section[2]summarizes the main con-
tributions in the literature on deep learning approaches to motor intention and
imagery. Section [3| describes the analyzed dataset and the proposed approach,
including the proposed deep CNN based on the time-frequency mapping of the
electrical activity in the motor cortex. Section [ reports the results, whereas,
Section [5] discusses the advantages and limitations of the present work while
addressing future perspectives. Finally, Section [6] concludes the paper.

2. Related Work

To the best of our knowledge, DL has not been applied yet to the classifica-
tion of signals acquired during motor preparation. Indeed, so far, DL has been
applied to the standard EEG-based BCI systems: P300, steady state visually
evoked potentials (SSVEP), motor imagery (MI) and passive BCI (for emotions
and workload detection). EEG BCI are often based on features extracted from
sensorimotor rhythms (SMR) recorded during motor imagery but other brain
rhythms can also be exploited [20] 21]. However, SMR-based BCIs can reliably
elicit only right vs left hand or feet movement imagination [3], although re-
cent research suggests the possibility of more spatially specific detection [22] [6].
What makes MI a unnatural source of control of a BCI system is that the user
is usually asked to generate a control signal by imaging a certain movement
that often does not coincide with the desired movement (for example, imag-
ing to move both feet in order to generate a hand-open command) because
only right hand vs left hand vs feet movement can be somehow reliably dis-
criminated from EEGs. Furthermore, it is often necessary to imagine the same
movement for some seconds in order to achieve a good classification accuracy,
which causes a delay that makes the human-machine interfacing process further
less natural [I]. MI is very useful for communication purposes, for example in
patients affected by locked-in syndromes [4], but less useful to translate a mo-
tor intention. To induce plasticity in neurorehabilitation applications, it was
demonstrated that acceptable delays should be in the order of a few hundred
milliseconds [18]. Since MI is the research domain in BCI closest to the field of
detection of motor preparation, the major contributions of DL in MI are here
summarized. In [23], a Deep Belief Network (DBN) was explored to classify
motor imagery (right vs left hand) EEG recorded using three channels. The
network outperformed filter bank common spatial patterns (FBCSP) and the
BCI competition winner when using a specific network architecture. In [24],
CNN and stacked autoencoders (SAE) were combined to classify EEG Motor
Imagery signals (BCI competition IV, three EEG channels, right vs left hand).
Temporal and frequency information were used as input to the proposed net-
work and yielded a 9% improvement over the competition’s winner. Sturm et



al. [25] applied Layer-wise relevance propagation (LRP) to deep learning for
motor imagery classification to overcome one of the main limitations that come
with DL: to give a neurophysiological interpretation of results. They classified
EEG of right hand vs right foot motor imagery over 5 subjects and achieved
the same accuracy of comparable non-deep methods but were able to formu-
late plausible neurophysiological insights about how DNN produced a decision.
DNN was applied to BCI Competition IV dataset in a study of Schirrmeister
et al. [26]. In particular, a 3-channels two-class EEG motor-imagery dataset,
and a 64-electrode four-class the Mixed Imagery Dataset (MID), dataset were
analyzed. Different DNN structures were trained and tested. They explored a
shallow CNN, a deep CNN, a hybrid shallow + deep CNN and residual NN.
Both the deep and shallow CNN significantly outperformed FBCSP, whereas
the hybrid CNN and the residual NN did not. Kwon-Woo and Jin-Woo [27]
applied capsule networks to discriminate between right vs left hand motor im-
agery on the BCI competition IV 2b dataset. Compared to the number of
studies on EEG recorded during movement execution or movement imagery,
only a few have attempted to classify the planned movement using only EEG
data before movement execution. Lew et al. detected movement intention dur-
ing self-paced reaching tasks by performing a two class classification movement
initiation vs rest [28] with a sensitivity of 76%. Deng et al. attempt to clas-
sify a subjects intention to generate torque at the shoulder or elbow in four
healthy subjects, achieving an average recognition rate of 76% [4]. Preliminary
results from Hammon et al. [T14] discussed the possibility to predict the reach-
ing movement direction toward a target (left, center, right) using premovement
EEG. Yang et al. [29] investigated the kinematics aspects of motor planning, in
particular, characteristics in the alpha (0-4Hz) and beta (13-30Hz) range from
the movement planning were correlated with the alpha and beta characteristics
from the movement execution phase to predict speed and acceleration. Kim et
al. [30] used premovement EEG to classify movement direction (right vs left,
up vs down), achieving an accuracy ranging from 75% to 85%. In contrast to
the aforementioned researches and motivated by the very good results that DL
has been achieving in biomedical applications ([31], [32], [33]), here, we propose
a DL based approach for the classification of EEG data recorded during motor
preparation in order to discriminate between different complex sub-classes of
movements of the same limb. To this end, the EEGs of 15 healthy subjects
were processed. Specifically, the data come from the work of Ofner et al. [6]
who shared high density EEG (61 channels) co-registered with glove sensor and
exoskeleton data. To the best of our knowledge, this is the only first dataset
comprising high-density EEG and movement data. Other available dataset pro-
vide only EEG data, eliciting information about the exact motion initiation
and investigating motor preparation is therefore not possible. In their work, as
regards motor execution, Ofner et al. [6] selected EEG epochs recorded during
motion execution (hence after the onset of motion) and performed a “movement
vs movement” and a “movement vs resting” comparison. They compared the 6
movement classes (elbow flexion/extension, forearm supination/pronation and
hand open/close) against each other by training 15 binary classifiers according



to a one-to-one classification strategy. They also merged all movement classes
into one and classified movement against rest class. In the present paper, since
we are interested in motor preparation, we focused on epoch preceding the on-
set of motion and we performed two different classifications: 1) premovement vs
rest (premov vs. rest): EEG segments (epochs) preceding motion onset are clas-
sified against EEG resting epochs, every movement class is compared to resting
class separately in order to assess how accurately the intention to start one of
the six movements (elbow flexion/extension, forearm supination/pronation and
hand open/close) can be discriminated from resting state; 2) premovement vs
premovement (premov vs. premov): EEG epochs preceding motion onset are
classified against each other in order to assess how accurately the intention to
start a specific movement can be discriminated from the intention to start any
of the other movements.

3. Methodology

The flowchart of the proposed procedure is shown in Figure (I} In particular,
Subsection will describe the analyzed EEG database, Subsection will
describe how sources in the motor cortex were extracted by solving the inverse
problem through beamforming, Subsection [3.3] will discuss how time-frequency
analysis of sources is performed through CWT and Subsection [3.4] will introduce
the proposed deep CNN architecture.

3.1. EEG data description

The dataset was made freely available by Ofner et al. and can be found at
BNCI Horizon 2020 website (http : //bnci— horizon —2020.eu/database/data —
sets). The dataset is described in detail in [6]. To the best of our knowledge,
this is the only publicly available BCI dataset including high density EEG (61
electrodes) recorded simultaneously with motion data (coming from a glove and
an exoskeleton). 15 healthy subjects (age 22-40 years, mean 27+5 years) were
enrolled and involved in the study. Nine subjects were female, all of them were
right-handed except SO1. All the information regarding the protocol approved
by the Ethics Committee can be found in [6].

Subjects sat comfortably on a chair, in front of a computer screen, with an
anti-gravity exoskeleton (Hocoma, Switzerland) supporting their right arm to
avoid muscle fatigue. The subjects performed six types of movement of their
right upper limb (elbow flexion/extension, forearm supination/pronation and
hand open/close). EEG acquired during a resting state were recorded too. Sub-
jects were instructed to perform cue-based sustained movements starting from
a common neutral position (hand half open, lower arm extended to 120 degree
and in a neutral rotation). At second 0, a beep sounded and a cross was dis-
played on the computer screen (subjects were instructed to fixate their gaze on
the cross). Afterwards, at second 2, a cue was shown on the computer screen,
indicating the required task (one of the six movements or rest). At the end of
task execution, subjects moved back to the starting position. Every session con-
sisted of 10 runs, each run including 6 movement classes and a rest class, thus
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Figure 1: Flowchart of the proposed methodology. Up-left block shows the paradigm followed
by Ofner et al. for data collection (as regards the subplot showing tasks, permission has
been obtained from the authors of [6]). The subject, based on a cue displayed on a screen,
performs 6 different movements of the right upper limb or a resting task (no movement).
The next block in the flowchart (up-right) shows how EEG epochs are selected starting from
motion onset then moving one second backwards. Inverse problem is then solved on the
selected epoch by taking into account the adopted forward model and source signals are
estimated for every location of the head model. Source signals belonging to the region of
interest (Brodmann areas 4 and 6) are then selected and passed through time-frequency (TF)
analysis (Continuous Wavelet Transform). The TF maps of the sources are then stratified to
build a volume (time x frequency x source) that is used to train a CNN to discriminate the
task the subject is going to perform.




60 trials per class were recorded in a session. The EEG was collected through 61
channels uniformly distributed over frontal, central, parietal and temporal areas
using active electrodes and four 16-channel amplifiers (g.tec medical engineering
GmbH, Austria). Reference was placed on the right mastoid, ground on AFz.
EEGs were bandpass filtered from 0.01 Hz to 200 Hz (8-th Chebyshev bandpass
filter) and sampled with 512 Hz. Power line interference was suppressed with a
notch filter at 50 Hz. Planning and implementation of a movement by the brain
produces the so-called MRCP [I8]. The MRCP includes three sub-potentials
called readiness potential (RP) or Bereitschaft potential (BP), motor potential
(MP), and movement-monitoring potential (MMP), which are thought to reflect
movement planning/preparation, execution, and control of performance respec-
tively [18]. BP starts to grow around 1.5 to 1 sec prior to the onset of movement.
The width of the EEG segment preceding motion onset was set at 1 s in order
to capture the window of motor planning. Therefore, for every subject 60 (=
10 runs x 6 trials) EEG segments (epochs) per movement class were available
for the analysis and a comparable number of resting state EEG epochs were
selected. In the end, 6300 (= 10 runs x 6 trials x 7 classes x 15 subjects) epochs
were analyzed in the present study. Motion onset was determined as described
in [6] from movement data coming from exoskeleton and glove. To ensure that
motion onset detection was not biased by possible corruption of movement data,
the estimated motion onset was visually checked for all of the 6300 epochs under
examination.

8.2. Reconstruction of sources in the motor cortex from scalp EEG

A single active neuron produces intra-cellular and extra-cellular electromag-
netic fields [II]. The fields generated by neighbouring neurons arranged in
parallel sum up produce potential differences that may be collected on the scalp
(electroencephalographic potentials). EEG thus reflects the electrical behaviour
of the brain, which is of course related to the biochemical reactions associated
with the inter-neuron communication that produces ongoing brains cognitive or
motor tasks. To elicit information about current brain activity, such as motor
planning, we can therefore study the brains electrical activity. In particular, as
described in the Introduction, the motor cortex is believed to be in charge of
planning and controlling movements [34] [35].

The EEG electrodes that cover the motor cortex are mainly the central ones
(Figure , however, due to volume conduction effects, the field generated by a
source overlaps to those generated by other neuronal sources during propagation
through brain tissues. A single EEG electrode hence collects also the effects of
sources not belonging to the underlying zone. As the aim of the present paper
was to investigate motor planning of complex sub-movement (which we expect
to involve the sub-areas in the motor cortex in a different way) we decided to
study the problem at source level in order to reduce volume conduction effects
and improve EEG spatial resolution. Source reconstruction involves a forward
step and a inverse problem solution step which will be here shortly recalled.



3.2.1. Forward model and inverse problem solution

It is well established that neural activity can be modelled by intra- and
extra-cellular current flows and that the electromagnetic behaviour of neurons
responsible for EEG potentials collectable at scalp can be modelled by current
dipoles [II]. Source reconstruction consists first of all in solving the so-called
“forward problem”, that consists in estimating the scalp potentials that would
result from hypothetical current dipoles, or from a large number of dipoles,
with the dipoles located according to a spatial grid that covers the entire brain
volume or the cortical surface [36].

The so-called forward model of EEG data describes how the activity of
neural sources in the brain projects into the sensors space (scalp). Such pro-
jection depends on the geometries and conductive properties of the different
tissue which the neural fields propagate through (gray matter, white matter,
cerebrospinal fluid, skull, skin) and must be embedded in the forward model.
Considering the frequencies typically studied in EEG, the quasi-static approx-
imation of Maxwells equations holds and the forward model can be assumed
linear [37] and can be expressed according to the following equation:

x(t) = Gq,.(t) (1)

where q,.(t) is a 3 dimensional directed primary current vector (sized 3 x N,
where Ns is the number of possible source locations in the cortex) associated to
the location “r” (r=1,...,Ns); G is knows as “lead field” matrix (head model)
and maps the primary currents q,(t) to the scalp potentials x(t). It is sized N¢
x 3N s, where Nc¢ is the number of channels [37].

Solving the inverse problem consists in estimating q,(t)) given the collected
signal x(t) and a lead field matrix G. In order to generate G, a head model
must be hypothesized.

The proposed methodology exploits the lead field matrix generated for the
New York Head (NYH) by Haufe et al. [38], The locations of sources are known
before-hand and the same head model is applied to every subject. NYH was
selected in this work because it is a very detailed model of the head (six tissue
types: scalp, skull, CSF, gray matter, white matter, air cavities) based on
the the ICBM152 anatomy (a nonlinear average of the T1-weighted structural
MRI of 152 adult subjects provided by the International Consortium for Brain
Mapping). A finite element model (FEM) with a mesh of the cortical surface
including 2000 nodes (i.e., source locations) was generated by [37] and is adopted
in the present work. Source locations are shown in Figure As regards the
possible discrepancy between subjects, Haufe et al. [38] evaluated the possible
discrepancies between the FEM model created from the individual anatomy and
the FEM model created from the ICBM152 average head (AVG FEM) proposed
by them. Their analysis was carried out over about 10000 locations covering the
entire cortical surface. According to the relative MSE, the AVG FEM model
outperformed all the other competing models [38§].

Once the lead field matrix G has been estimated, given the real EEG data
x(t) measured at the scalp, solving the so-called “inverse problem” consists in



Figure 2: Sagittal (a) and horizontal (b) view of the 2000 nodes of the 3D mesh of the cortical
surface used in the present work [37].

estimating the sources g, (t) that generated x(t).

What makes inverse problem solution challenging is the need to estimate a
number of dipoles that is much larger than the number of available sensors. In
this paper, for example, 2000 current dipoles must be estimated from 61 EEG
signals. The problem is therefore ill posed and an infinite solutions exist.

Many approaches to inverse problem solution can be found in the literature
and the most popular approaches in EEG source imaging are: minimum-norm
solutions, beamformers, and dipole modeling [36] [39].

Whenever sources are expected to be focal (in focal epilepsy or in case of
sensory evoked responses) single dipole model can be the best choice. When-
ever the activity under examination is expected to be spatially distributed, the
minimum norm method allows to make the least restrictive a-priori hypothesis
[40, B9]. Linearly constrained minimum variance (LCMV) beamformers repre-
sent a trade-off between dipole modelling and minimum norm. LCMYV estimates
the source activity at each source location through spatial filtering. The pro-
posed method solves the inverse problem through LCMV beamforming approach
as the activity related to motion preparation is expected to be localized in space
but not focal [39]. Furthemore, the advantages of using beamforming in EEG
data recorded in BCI applications have been proven by Grosse-Wentrup et al.
[41]. LCMYV will be here recalled shortly.

8.2.2. Beamforming to solve inverse problem

Beamformers have the advantage that the number of dipoles must not be
assumed a-priori. Beamforming techniques, originally introduced in radar signal
processing, estimate the contribution of a single location in the brain into a
measuring range. Beamformers calculate a linear combination of time series
measured at the different sensors, in this case the EEG sensors. The aim is to
extract the components originating from a desired direction or location while
suppressing contributions from other locations.
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The EEG distribution on the scalp is given by Eq. where vector x(t)
represents the Ne x 1 vector of EEG samples collected at time ¢. The output of
a beamformer is:

q,(t) = Wix(t) (2)

which represents the estimated contribution at the location of interest r. where
W7 is a Ns x Nc spatial filtering matrix, Ns is the number of locations of
interest in the head model, x(t) is the Ne¢ x 1 sample vector of observed data at
time ¢ from the Nc¢ available sensors. Given a location of interest r, the spatial
filter W7 should satisfy the following constraints:

Wo(r)« G(ri) =1

W (r) «G(r;) =0
for every ¢ not equal to j, I and 0 are sized 3 x 3 and represent the identity and
the null matrices, respectively. If ¢ is the current location of interest, sources
located at j not equal to i are considered interfering sources whose influence
should be maximally suppressed.
It can be demonstrated that q,. is a good approximation of q,. if the variance of
the filter output is minimized [41], var(q,.) is minimized if:

wT = [GT*Cgl*G]_l*GT*Cgl (3)

In this work, spatial filters W” were estimated through the algorithm imple-
mented by Haufe et al. [37] in Matlab.

3.2.3. ROI reconstruction

A Brodmann area is a region of the cerebral cortex defined by its cytoar-
chitecture, or histological structure and cells’ organization. Brodmann areas
are named after the German anatomist Korbinian Brodmann [42], they have
been debated and refined in detail for a century and it is still the gold-standard
cytoarchitectural model of organization of the human cortex (Figure .

We are particularly interested in the premotor (Brodmann area 6), supple-
mentary motor (Brodmann area 6) and primary motor areas (Brodmann area 4),
which are responsible for planning and implementing movements [34, 35]. These
two areas therefore constitute our Region of Interest (ROI) and are shown in
Figure 1l Once the spatial filters W were determined as described in Section
and the contribution (source signal) at each location of interest (among the
2000 provided by the head model described in Section were estimated, the
next step was to identify the locations belonging to the ROI. For each location of
interest “r”, starting from its Montreal Neurological Institute (MNI) stereotaxic
coordinates, the corresponding Brodmann area was determined. To this end,
MNI coordinates of the locations of interest in the cortex were first converted
into Talairach coordinates through the algorithm developed by Lancaster et al.
[43]. Then, the T'alairach Daemon (www.talairach.org) [44] 45], a software that
converts Tailarach coordinates into Talairach Atlas labels, was used to determine
the Brodmann areas associated with every location. Talairach Atlas and MNI
coordinates are the gold standard for the systems developed to analyze brain
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data, like, for example, NeuCube [46]. After conversion by Talairach Daemon,
the assigned label consists of five information: hemisphere, lobe, gyrus, tissue
type, and cell type (for example: Left Cerebrum, Temporal Lobe, Inferior Tem-
poral Gyrus, Gray Matter, Brodmann area 20). Different search options were
available: single point, nearest gray matter, and cube range. In the present pa-
per, the nearest gray matter search was adopted which involves concentric cube
searches with varying diameters. Consecutively larger cubes (ranging from +/-
Imm (3mm wide) to 4+/- 5mm (11mm wide)) centered on the given coordinate
are explored until a gray matter label is found.

Among all the 2000 possible locations of interest in the head model, it was
therefore possible to select the 210 locations belonging to Brodmann areas 4
and 6. Each source signal belonging to the ROI was then analyzed in the TF
domain through Continuous Wavelet Transform (CWT) [47] in order to study
how its frequency content changed over the time.

3.8. Time frequency representation of cortical source signals

Each source signal was projected in the TF domain by the CWT [47]. Let
s(t) be the single source signal in motor cortex extracted as explained in Sections

322l and B2.3

CWT(a,b) = % / s (=0 (1)

where 1) represents the wavelet mother function, which is a template basis func-
tion of finite duration, zero mean and variable frequency content, a and b denote
the dilatation (or scale) and shifting (or translation) variables (which determine
how much the mother wavelet is scaled and shifted), CWT(a, b) represents the
wavelet coefficients and * the complex conjugate operator [47]. There is a one-
to-one correspondence between scale and frequency, given the sampling rate and
the chosen wavelet family (here, the Daubechies 4 wavelet function was selected
[47]). An approximate relationship between scale and frequency indeed exists
where low scale values refer to high frequencies and viceversa (f, = %, with f.
central frequency of mother wavelet, Ts sampling period, f, pseudo-frequency
corresponding to the scale a). The trend of the scale-to-frequency relationship
depends on the mother wavelet and the trend impacts on the resolution.

In this paper, the adopted wavelet mother was dbj as it allowed to cover
the desired range under analysis (0.6-45Hz) with a good resolution. This range
covers the 5 main brain waves of general interest (delta, theta, alpha, beta and
gamma) including MRCP, SMR, which are relevant to movement analysis [18].
Movement related artifacts in EEG (for example artifacts generated by chew-
ing, electrode motion, head and limbs movements, etc) are one of the most
challenging non-physiological source of noise that might corrupt EEG signals
and therefore undermine the performance of EEG-based BCI decoders [48]. Fil-
tering between 0.6Hz and 45Hz allowed us to save the information embedded in
motor related cortical potentials, which lie in the low frequency range (<5Hz)
[49], in sensory motor rhythms (nearly 12.5-15.5 Hz) and in beta band (nearly

a
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13-30 Hz), while mitigating the effects of muscular artifacts (20-300 Hz) [50].
Given the sampling rate (512Hz) and the chosen wavelet family db4, a vector
of 43 frequencies lying in the range (0.6-45Hz) was determined. In this way, for
every epoch and for every source location r, a CWT matrix was computed. The
spectrogram, which represents the percentage of energy for each wavelet coeffi-
cient, was then determined and it represents the TF map of source location r
for the epoch under analysis. Explanatory spectrograms of a randomly selected
source in the motor cortex in the 1-sec temporal window preceding motion onset
are shown in Figure 3| for every task (premov or rest). Except the resting task,
a change in the range 3-12 Hz is detectable 0.3 s before motion onset.

Task EE Task EF Task SU Task PR Task HC Task HO Task RE

Fvguegy
Frequency
Frequency
Frequency

02 04 06 08 1 02 04 06 08 1 02 04 06 08 1 02 04 06 08 1 02 04 06 08 1 02 04 06 08 1 02 04 06 08 1
Time Time Time Time Time Time Time

Figure 3: Explanatory spectrograms of a randomly selected source in the motor cortex of
subject SO1. Every subplot depicts the mean spectrogram of the corresponding task (Elbow
Extension (EE), Elbow Flexion (EF), Forearm Supination (SU), Forearm Pronation (PR),
Hand Close (HC), Hand Open (HO), Resting (RE)), averaged over the 60 trial available for
that task. X-axis represents time whereas y-axis represents frequency. The time range is
1-second EEG preceding motion onset, motion starts at 1 s.

3.4. Deep Learning based Classification System

Deep CNN, as compared to standard machine learning classifiers, could help
to fully automatize the complex classification of sub-movements discrimination.
The use of deep learning schemes, that have shown great promise in aiding
the interpretation of EEG signals on account of their ability to learn feature
representations from raw data, may be of particular help in motor preparation
decoding. Since the mechanism of motor preparation produces peculiar charac-
teristics in EEG signals both in the time and frequency domains, the proposed
method represents the time-frequency patterns of motor preparation through
time-frequency maps. In this way, TF patterns in the signals reflect upon spa-
tial patterns in the TF image, for example, Figure [3| shows that TF images
reflect motor preparation: an energy reduction is indeed visible in the range
2-12Hz 0.3-0.4 s before motion onset and an energy increase in the range <2Hz
(associated to the motor related cortical potential) starts being visible 0.5 s be-
fore motion onset. CNN are particularly powerful in extracting spatial features
from images, furthermore, since we think that a key aspect in motor preparation
is the spatial relationship between TF maps of different source locations in the
motor cortex, we hypothesized that a CNN approach that convolves TF images
with respect to sources (i. e. space), might help in discriminating motor prepa-
ration. As explained in the Introduction, in order to investigate how planning
a desired movement correlates with EEG at source level, TF maps of cortical
sources were used train a deep learning based classification system. TF maps of
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the different 210 sources were not averaged but stratified in a 3D matrix so that
the classifier could extract relevant information by combining the TF patterns
of activation of different sources at cortical level to elicit the planned movement.
Here, we propose a Customized Deep Convolutional Neural Network (DCNN).
Theoretical concepts of CNN and details of the developed DCNN are reported
as follows.

3.4.1. Convolutional Neural Network

Convolutional Neural Network (CNN) is a very common deep learning ar-
chitecture typically used in images classification capable of achieving impressive
results [5I]. A CNN consists of a features extraction stage followed by a stan-
dard feedforward neural network (NN) employed to perform the discrimination
task. The extractor processor includes N modules of convolutional, activation
and pooling layers.

In the first layer, the dot product between a small sub-region of the input
data and a bank of K filters (composed of multiple kernels stacked together)
is computed. Each kernel sweeps over the input representation with stride s
and sharing the same weights. The resulting output is a set of K feature maps.
Specifically, let ZJL be the j* feature map of the layer [ and let Zf_l be the "
feature map of the layer [ — 1. The convolution is evaluated according to:

Zb=o(> Z7'« W, + BY) (5)

where Bé represents the j** bias of the layer [, lel is the weight matrix that
connects features maps of adjacent layers (i.e., fol, Z]l-), * denotes the con-
volution operator and o(-) the non-linear activation function. The result is a
feature map Z! sized 2{ x zb, with:

-1 l l
2z — k42

Zi=1—11p+1 (6)

S
and

-1 l l
zyg  —ky+2

=2 2L 11 (7)

where kll, ké are the kernel size at the layer [; zifl, zéfl are the feature map

size (or input data) at the the layer [ —1; s' (stride parameter) is the kernel step
size used to slide over the input matrix and p' is the zero padding parameter at
the layer [.

In the second layer, a nonlinear activation function is applied to each feature
map to learn nonlinear properties. Here, the well-known Rectified Linear Unit
(ReLu, f(Z}) = max(0, Z})) activation function is employed as it allows faster
and more effective training [52].

The third layer, reduces the resolution of the input feature map by apply-
ing max or average pooling function. In this study, max pooling operator was
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applied as it captures better invariant features and improves generalization per-
formance. Specifically, the j*" kernel of layer I sized k! x kb slides over the j**
feature map (sized 2! x 2} ) with a stride 5, yielding a downsampled version of

Zjl. sized z} x Zb, with:

l 1
S U k1
a=—g +1 (8)
and

l l

25:22;241 (9)

It is to be noted that, in this study, the proposed CNN was developed to support
multi-channel input (i.e., volumetric data) of size v1 x vy x v3. However, in
order to perform the convolution operation defined in [ the input volume is
firstly split into separated slices along the third dimension and then each slice
convolved with the j%" k{ x ki kernel to generate the corresponding z} x 2}

feature map.

3.4.2. Proposed Deep Convolutional Neural Network

Figure [f] reports the architecture of the proposed deep convolutional neural
network. It consists of 3 convolutional layer (¢;, with i=1,2,3), each followed
by a ReLU and max pooling module (p;, with i=1,2,3). The network ends with
a standard multi-layer NN with a softmax output layer. It is worth mention-
ing that the CNN topology has been chosen after several experimental tests
according to the trial and error approach. Different CNN configurations have
been tested by using different number of convolutional + pooling layers, filters
and hidden layers in the multi-layer NN. Specifically, it has been observed that
increasing the number of filters causes an increased computational complexity
and, consequently, an increased computational cost, leading to a reduction of
performances. Hence, we decided to take into account a limited number of filters
of small size. Furthermore, in order to find out an efficient CNN topology, the
performances were evaluated by increasing the number of processing layers. In
particular, it has been observed that the overall premov vs. premov and premov
vs. rest performances increased by making the CNN deeper. Indeed, the best
classification accuracies were achieved with the architecture shown in Figure [4]
which consisted of three convolutional (+max pooling) layers followed by a 2-
hidden layer neural network with a softmax output layer. The proposed DCNN
is meant to accept as input a data volume composed of vs time-frequency (TF)
maps sized v; X vg, where v is the number of frequencies values ranged 0.6-45
Hz, while vy is the number of samples in a 1 s EEG epoch (that corresponds
to the temporal window preceding the movement onset). Here, v1=43, vo=512
and v3=210. At this stage, the TF volume V; (v1 x v2 x v3) is the input to the
first convolutional layer (c1) that includes K¢ =8 learnable filters sized k{* x
kst x vg' (where k' =k5'=3, vg'=v3=210), kernel step size s'=1 and padding
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parameter p°*=1. This operation produces K°! feature maps sized 43 x 512 (ac-
cording to eq. |§| and [7] ' After applying ReLU activation function, each feature
map is the input to the first max pooling layer (p;), consisted of k‘pl X kpl =5x
4 kernels and stride §71=2. The resulting output volume of size zf tx 2 x Ko
= 20 x 255 x 8 is the input to the second convolutional layer (c2) that m(:ludes
K =16 learnable filters sized ki* x k3> x v5* (where k?=k5*>=3, v5>=K“=8),
stride s2=1 and p®*=1. Similarly to the first layer and after applying ReL.U
function, the second max pooling layer (p2, consisted of k¥ x k5? = 6 x 5 filters
and stride §72=2) outputs a feature maps volume Z7? x 252 x K = 8 x 126
x 16. The last convolutional layer (c3) includes K =32 learnable filters sized
k7 x k5® x vg® (where k{*=k5*=3, v5*=K“=16), stride s®*=1 and p®=1. The
achieved feature maps are firstly processed by ReLU activation function and
then by the last max pooling layer (ps, filter size k}* x kb* = 6 x 6 and stride
§P3=2), coming up with a feature maps volume of size z}* x z8* x K% = 2 x 61
x 32. Finally, the features extracted from the last layer are reshaped and used
as input to a conventional 2-hidden layers feedforward NN with 1000 and 500
units respectively. The DCNN ends with a softmax output layer to perform the
2-way classification tasks.

Table [I| reports the configuration set up and the total number of learnable
coefficients of the proposed DCNN. For example, the number of parameters
in the first convolutional layer ¢; is: [(k* x k5' x vg')+B]* K = [(3 x
3 x 210)+1]* 8 = 15128; whereas, the number of parameters in the second
convolutional layer cg is: [(k]? x k5? x v5?)+B°]* K = [(3x 3 x 8)+1]* 16 =
1168. Overall, as can be seen in Table [T} the DCNN included a grand total of
4.5 * 105 coefficients.

8.4.3. Learning configuration

The proposed DCNN was trained using the Adaptive Moment (ADAM)
optimization algorithm [53] minimizing the cross-entropy loss function and using
mini-batch size of 21. The training process was stopped when convergence of loss
function was observed (that is after 100 iterations). The learning parameters
have been set up according with the practical guidelines reported in [53], [54]
and the trial and error approach. In particular, we iterated over a broad range
of hyper-parameter choices such as 1 € [0, 0.9], B2 € [0.99, 0.999, 0.9999], and
logl0(a) € [5, 1]. Experimental results showed that the best performances were
achieved by using the default ADAM parameters (in terms of 5;=0.9, 5;=0.999,
€=107%) and a learning rate of a=10"% (where « is the learning rate; 3; and
B2 are the exponential decay rates for the first and second moment estimates,
respectively; e is a small constant used to avoid any division by zero). The
proposed DCNN was developed with MATLAB R2018a (The MathWorks, Inc.,
Natick, MA, USA) and trained on high performance multi-GPU (two GeForce
RTX 2080 Ti) installed on an Intel(R) Core(TM) i7-8000K CPU processor with
64 GB RAM. The network was trained and tested on each subject individually.
In particular, 70% of epochs were used for training and the remaining 30% were
used for testing. Notably, the training time was about of 10 minutes per subject
and consequently of 2,5 hours considering all 15 subjects and one classification
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Figure 4: Architecture of the proposed Deep Convolutional Neural Network (DCNN). The
Time-Frequency (TF) Maps input volume sized 43 x 512 x 210 is the input to the customized
DCNN. It includes three convolutional layers followed by ReLu and max pooling operation
(details are reported in Table [1)). The network ends with a standard 2-hidden layers Neural
Network (NN) for performing the binary classifications. As an example, in the figure, the
DCNN performs the HC vs. HO classification task.

task (e.g. HC vs. HO).

Table 1: Details of the proposed DCNN and total number of learnable parameters.
Layer () Layer Type #Filters (K') Filter Size Stride (s') Padding (p/) Feature Map Weights Bias #Parameters

Input Input Volume - - - 43 x 512 x 210 - -
o Convolution 8 3x3x210 1 1 43x512x 8 15120 8 15128
I ReLU - - - - 43x512x 8 - - -
el max pooling 8 5x4 2 - 20 x 255 x 8 - - -
o Convolution 16 3x3x8 1 1 20 x 255 x 8 1152 16 1168
T ReLU - - - - 20x 255 x 8 - - -
P2 max pooling 16 6x5 2 - 8 x 126 x 16 - - -
c3 Convolution 32 3x3x16 1 1 8x 126 x 16 4608 32 4640
T3 ReLU - - - - 8x 126 x 16 - - -
P3 max pooling 32 6x6 2 - 2x61x 32 - - -
fa Fully Connected - - - - 1000 3904000 1000 3905000
fea Fully Connected - - - - 500 500000 500 500500
fes Softmax - - - - 2 1000 2 1002
Total 4427438
4. Results

In this study, the database used in [6] and described in Section 3.1} was
employed as benchmark to classify among six movement classes (HC, HO, PR,
EE, EF, SU) and a resting (RE) class. To this end, a customized Deep Con-
volutional Neural Network was developed to perform two classification type:
premov vs. premov and premov vs. rest (details are reported in Section .
Notably, the 1 vs. 1 classification strategy was applied, yielding 21 binary clas-
sifiers as shown in Tables 2} 15 related to premov vs. premov and 6 related
to premov vs. rest classification type, respectively. Each comparison (e.g. HC
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vs. HO) included 120 epochs (60 per class) where 70% of data were used as
training set and the remaining 30% the testing set. Conventional accuracy,
precision, recall and F-score metrics were used to measure the classification per-
formance [55]. Furthermore, the k-folds cross validation technique (with k=10)
was employed to validate the classification. Hence, all results are reported as
average value + standard deviation. It is to be noted that, as F-score takes
into account both precision and recall information, we refer only to F-score and
accuracy parameters. Indeed, Table [2] and Table 3| report the accuracy and
F-score values of the premov vs. premov and premov vs. rest classifiers. As
regards premov vs. premov, the individual maximum classification accuracy of
98.41%+0.027 was achieved for subject S04 in the HO vs. EF discrimination
task; whereas, the minimum accuracy performance of just 42.46%40.073 was
observed in subject SO01 in HO vs. SU comparison. The average accuracies
(and F-score) per subject (S01, S02,..., S15) and per discrimination task (HC
vs. HO, HC vs. PR, etc...) were also evaluated. Specifically, the best premov
vs. premov average individual accuracy and F-score were of 84.43%40.051 and
84.64%=+0.053, respectively (subject S04); while the highest discrimination task
accuracy and F-score, were of 69.18%=40.062 and 68.42%+0.075, respectively
(HC vs. SU). As regards premov vs. rest, the individual maximum classifica-
tion accuracy was of 100% (subject S10, EE vs. RE comparison); whereas, the
minimum accuracy performance was of 74.60%40.103 (subject S07, PR vs. RE
comparison). Also in this scenario, the averaged performance per subject and
per discrimination task were estimated. Notably, higher classification results
were observed: the best premov vs. rest average individual accuracy and F-
score were of 97.49%40.025 and 97.584+0.024, respectively (subject S10); while
the highest discrimination task accuracy and F-score, averaged over all subjects,
were of 91.3340.057 and 89.57+0.067, respectively (PR vs. RE).

As expected, premov vs. rest was easier to classify than premov vs. premov
cause during resting epochs the brain was planning no movement. It can also
be noted that the performance was subjective, the subjects S03 and S04 are
those that allowed to obtain the highest performances in premov vs. premov
(up to 98%), for all subjects an average accuracy per task higher than chance
level (50%) is obtained.

Figure [6] depicts the boxplots of the accuracies achieved in every paired
premov vs. rest comparison over all the subjects. A given boxplot in Figure [f]
includes the accuracies achieved over all the 15 subjects in comparison under
analysis. Since a 10-fold cross-validation was adopted, for every premov vs.
rest comparison 10 accuracies are estimated per subject, hence every boxplot
accounts for 15 x 10 = 150 accuracy values. It is worth to note median accuracies
lay significantly over 90% with a (p=3.7588e-10). The comparison between hand
motor planning and resting achieved the highest accuracies, indeed the third
quartile in HC vs RE and HO vs RE boxplots lay above 95%.

Similarly, Figure [7] shows the boxplots of the accuracies achieved in every
premov vs. premov comparison. Median accuracies lay significantly (p=3.7446e-
05) over the chance threshold (50%). The comparison between hand close and
elbow and forearm motor planning achieved the highest accuracies, indeed the
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third quartile in HC vs PR, SU, EE and EF boxplots lay above 75%.

In order to investigate the ability of the proposed system to decode TF maps
of EEG and consequently extract relevant information for the classification of
movement intention (from TF images of EEGs at source level), the features
vector extracted by the deep CNN, sized 1000 x 1 (layer fcl in Figure , was
evaluated for both premov vs. premov and premov vs. rest classification type.
It is worth noting that, to carry out this explanatory analysis, the subjects that
reported the best and worst average discrimination performances in the premov
vs. premov (as it represents the most difficult and challenging scenario) were
taken into account (i.e., subjects SO1 and S04, respectively). Specifically, as
reported in Table [1} SO1 shows an average accuracy of 52.55%, whereas S04 of
84.43%. The feature vectors related to the fcl layer of the proposed deep CNN
were evaluated for both the HC vs HO and the HC vs RE classification tasks
(for both S01 and S04). Figure [5| shows the features’ distribution of the pair
of nodes that exhibited the largest distance between the centroids of the two
classes (HC vs RE or HC vs HO). As can be seen, the extracted features showed
very good separability properties in S01 (HC vs. RE, Figure [5| a) and S04 (HC
vs. RE, HC vs. HO, F igureb7 d), ensuring high classification performance. As
regards HC vs. HO classification task of SO1, instead, overlapping features can
be observed, which caused a misclassification of the HC/HO TF images under
analysis (Figure [5| c).

5. Discussion

In the present paper, the challenging issue of decoding sub-movement in-
tention of the same upper limb from EEG signals preceding motion onset was
addressed. The importance of such topic is related to the possibility of imple-
menting BCI-based rehabilitation systems or device controllers meant for all
those subject who can in some extent plan movements but cannot or can only
partially implement motor control. A BCI system able to detect and decode the
planned movement from EEG signals could control an avatar on the computer
screen or a device to make up for the subjects inability to implement motion.
The present paper was inspired by the work of Ofner et al. [6], who collected
and shared a dataset of high-density EEG (61 channels) and movement signals
recorded during the execution of six different upper limb movements (elbow
flexion/extension, forearm pronation/supination, hand open/close). Ofner et
al. achieved an average accuracy in mov vs. rest of 87% and of mov vs. mov of
55%. The present paper is focused on the classification of motion preparation,
therefore on the classification of EEG epochs preceding motion onset, which
makes classification inherently more challenging because all the information re-
lated to motor initiation and control is missing. Nonetheless, the proposed
system succeeded in discriminating premov from rest classes with an average
accuracy of 90.3% which is higher than mov vs. rest accuracy achieved in [6]
(87%) and higher than premov vs. rest performance achieved in [28] (sensitiv-
ity = 0.76+0.07%.). Motor preparation was discriminated from rest with high
accuracy for every class of pre-movement, whereas the accuracy of premov vs.
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Figure 5: Scatter plot of the features extracted from the pair of nodes that maximized the
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represents a trial among the 60 trials that the subjects executed for every task. The analysis
was carried out on subject S01 (a-c) and S04 (b-d).
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premov was lower (62.47%), as expected, since decoding complex movements
from EEG is challenging. In particular, EEG-based BCI suffers from the low
signal-to-noise ratio of EEG signals [I5] [16] and from their nonstationarity over
time, even EEG signals recorded from the same subject can vary between runs
[3]. The achieved results suggest that information about the specific movement
that the brain is going to perform is embedded in the EEG preceding motion
onset. It was indeed possible to discriminate between premov and premov (el-
bow flexion/extension, forearm pronation/supination, hand open/close) with an
accuracy above chance of (62.47%).

However, premov vs. premov accuracy is still low to be implemented in a
practical BCI application, as unfortunately happens with BCI systems based on
EEG which can still effectively discriminate only between right vs left motion
execution/imagination [3]. The present work was able to reliably discriminate
the intention to perform a movement from resting (premov vs. rest) and it
encourages to pursue the implementation of EEG-based BCI for decoding sub-
movements of upper limbs based on TF representations of the activity of cortical
sources in the motor cortex, but some limitations exist.

First of all, the stage of inverse problem solution in the proposed method-
ology would benefit from dealing with high-density EEG with more than 61
channels [56], to this end, in the near future a 256-chans HD-EEG will be
recorded, together with movement data, during the execution of various types
of movement of the same upper limb. Increased spatial resolution at source
level could aid the classifier in discriminating premov from premov. Another
limitation of the present work is that the dataset is theoretically too small to
train a CNN, nonetheless, motivated by the consideration that TF images are
not deeply different from each other (see for example Figure , hence their
layout is not variegated as it may happen in other common CNN applications
of image classification, the performance of the proposed system was evaluated
and it succeeded in distinguishing motor preparation phases from resting ones,
which encouraged us to investigate the potential of DL in BCI applications de-
spite the limited size of the dataset. Keeping in mind that DL will be able to
fully show its own potential in BCI EEG signals classification only when very
large dataset will be available, the authors have planned to collect EEG data
at IRCCS Centro Neurolesi Bonino-Pulejo (Messina, Italy) from many subjects
(nearly 100) in the near future. The dataset will include many trials per sub-
ject. The ability of DL to classify different premov task will be explored within
subjects and across subjects.

Furthermore, given the limited size of the dataset, in the present study
only binary classification was pursued, a multi-way classifier would have indeed
required a very high number of training inputs. However, even the binary dis-
crimination of sub-movements preparation of the same limb is of paramount
importance. In fact, neurorehabilitation systems based on BCI are still in their
infancy, they are currently based on the binary classification of right vs left
motor imagery classification. Being able to discriminate between the prepara-
tion/imagery of even just two different submovements of the same upper limb
would be a big step forward and would allow neuroscientists to develop more
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effective and powerful BCI systems. This is the reason why the pairwise pre-
submovement classification was considered a relevant goal in this work. When
very large dataset will be available, DL will be able to disclose its own full
potential and allow for reliably discriminating between two or more submove-
ments preparation/imagery. How different submovements of the same limb are
generated and controlled is still not clear, we think that the results reported
in this paper encourage to apply DL to EEG signals at source level to shed a
new light on motor preparation. In general, in order to be practically appli-
cable, BCI systems should allow for a real time execution [9] which makes a
pre-trained neural network an ideal candidate for the execution of very prompt
classification. Another key aspect is calibration. BCI systems generally require
a calibration phase that optimizes the performance of the system according to
the specific features of the user’s EEG signals [3]. However, re-training the
network for each user would not be practically easy to implement as it would
take a long time and would need high minimum hardware requirements. In
the literature the importance of minimizing or avoiding the calibration steps is
emphasized [3], which is even more important when dealing with neural classi-
fiers. The collection of a wide cross-subject dataset will be pursued in the near
future to train the network over multiple subjects ad investigate the possibility
to avoid calibration. The present study could also be extended by evaluating
the performance of the classification according to the selected cortical regions.
Since many mechanisms of motor planning are still unexplored, other areas in
the cortex may contribute to motor planning and thus to classification [34]. In
this way, we could understand which areas contribute most to the classification
of a given movements planning. In the future we will also try to classify mo-
tor preparation by performing the convolution not with respect to the source
location (i. e. the sub-area in the motor cortex) but with respect to time
and frequency. In this way, we could infer if time-frequency maps (convoluted
with respect to the source), time-source (TS) maps (convoluted with respect
to frequency) or frequency-source (FS) maps (convoluted with respect to time)
contribute most to classification, in other words, we could infer if the intention
of movement is more detectable in if TF, TS of F'S patterns. Another possible
extension of the present work would be hybrid signals processing. Hybrid BCI
have not been widely explored so far, nonetheless, we think that EMG might
bring a significant added value to motor intention decoding. EEG is useful to
discriminate between left arm and right arm movements, however, it is difficult
to classify different movements on the same arm. Tang et al. [57] introduced
a two-step single-trial classification method to classify three movements (make
a fist, hand extension and elbow flexion) of left and right arms by means of a
hybrid EEG/EMG BCI. Tang et al. [58] also proposed a novel common spatial
pattern (B-CSP) method based on Bhattacharyya distance to select the optimal
frequency band of each EEG electrode. Signals in the optimal frequency band
are decomposed into spatial patterns then the features that can describe the
maximum differences of two classes of MI are extracted from EEG data. Vour-
vopoulos et al. [59] investigated both EEG-based and EMG-based BCI over
four stroke patients, the achieved results suggested that patients with more se-
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vere motor impairments may benefit from EEG-based neurofeedback, whereas
patients with mild motor impairments may benefit more from EMG-based feed-
back. In the study of Zhang et al. [60], a novel multimodal human-machine
interface system (mHMI) is developed using combinations of electrooculography
(EOG), EEG and EMG to generate numerous control instructions. Six healthy
subjects separately performed left and right hand motor imagery, looking-left
and looking-right eye movements, and different hand gestures in different modes
to control a soft robot in a variety of actions. Their results showed that the
number of mHMI control instructions is significantly greater than with any of
the individual modes. Tayeb et al. [61] introduces gumpy, a new free and open
source Python toolbox developed for hybrid BCI. It is free, open source software
and it provides different state-of-the-art techniques for processing and decoding
EEG and EMG signals. In [62], the authors investigated the possibility of using
EMG to detect rest vs intention to move the hand or wrist with the aim to per-
form robot-assisted training in individuals without residual movements. They
compared two two-state (intention vs rest) detectors: an EEG-based movement
intention detection (using only ipsilesional activity) and an EMG-based detec-
tor. Their study shows that severely affected stroke patients who have residual
EMG, might trigger robot-assisted training via EMG signals, which require far
less subjects training than EEG. For this reason, in the protocol of data collec-
tion that we planned to carry out at IRCCS Centro Neurolesi Bonino Pulejo,
EMG signals will be also acquired along with high-density EEG.

6. Conclusions

In this work, the importance of decoding movement planning using EEG
signals for Brain Computer Interface applications was discussed. Many subjects
have a preserved ability to plan movements but a partial or total inability to
implement them. Despite the importance of the topic, there are few works in
the literature on motor planning and in general there are still few works on deep
learning applied to EEG-based BCI. The objective of the present work is to de-
velop and train an EEG-based classifier that automatically detects motor plan-
ning phases by discriminating them from resting phases (premov vs. rest). The
second objective is to discriminate between motor planning of different move-
ments of the same limb (premov vs. premov). To this end, a publicly available
database of 15 subjects was analyzed which includes 61-channels EEG signals
that were recorded during the execution of different movements of the same
limb (elbow flexion/extension, forearm pronation/supination, hand open/close)
and were co-registered with signals collected by motion sensors that allowed to
determine the onset of the movement. A dataset of EEG epochs preceding the
onset of movement and of resting epochs was constructed. A novel system based
on a deep Convolutional Neural Network and the time-frequency representation
of the electrical activity of sources in the motor cortex was introduced for the
classification of such dataset. For every epoch, the system reconstructs source
signals through beamforming and selects those belonging to the premotor and
primary motor cortex; the system then constructs a time-frequency map of every
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Figure 6: Boxplot of the accuracy achieved in premov vs. rest comparison. In the x-axis the
different paired comparisons are represented. The horizontal line within each box represents
the median, the edges of the box represent the first and third quartile, whiskers mark to the
most extreme data points that are not considered outliers.

source through Continuous Wavelet Transform. A 3D matrix (time x frequency
x source) is constructed with the TF maps of all the selected sources and a deep
CNN is trained to recognize premov vs. resting or premov vs. premov classes.
Analyzing the aforementioned dataset of 1-sec epochs preceding the onset of the
movement, it was possible to discriminate motor planning from resting with an
average accuracy of 90.30%, outperforming comparable methods in the litera-
ture, and to discriminate motor planning of different movements of the same
limb with an average accuracy of 62.47%. Movement planning mechanisms are
still largely unknown today and the present study suggests that studying the
activation patterns of the premotor and motor cortex in the time-frequency-
domain domain could help to describe them.
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