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Abstract
A motion trajectory prediction (MTP) based brain-computer interface (BCI) aims to reconstruct the
three-dimensional (3D) trajectory of upper limb movement using electroencephalography (EEG). The
most common MTP BCI employs a time-series of band-pass filtered EEG potential (referred to here
as the potential time-series (PTS) model) for reconstructing the trajectory of a 3D limb movement
using multiple linear regression (mLR). Most MTP BCI studies using the PTS model report the best
accuracy when a 0.5-2Hz bandpass filter is applied to the EEG. In the present study we show that
spatiotemporal power distribution of theta (4-8Hz), mu (8-12Hz), and beta (12-28Hz) bands are more
robust for movement trajectory decoding when the standard PTS approach is replaced with timevarying bandpower values of a specified EEG band, i.e., with a bandpower time-series (BTS) model.
A comprehensive analysis comprising of three subjects performing pointing movements with the
dominant right arm towards six targets is presented. Our results show that the BTS model produces
significantly higher MTP accuracy [R~0.45] compared to the standard PTS model [R~0.2]. In the case
of the BTS model, the highest accuracy was achieved across the three subjects typically in the mu (812Hz) and low beta (12-18Hz) bands. Additionally, we highlight a limitation of the commonly used
PTS model and illustrate how this model may be suboptimal for decoding motion trajectory relevant
information. Although our results, showing that the mu and beta bands are prominent for MTP, are
not in line with other MTP studies, they are consistent with the extensive literature on classical
multiclass (MC) sensorimotor rhythm (SMR) based BCI studies (classification of limbs as opposed to
motion trajectory prediction), which report the best accuracy of imagined limb movement
classification using power values of mu and beta frequency bands. The methods proposed here
provide a positive step towards noninvasive decoding of imagined 3D hand movements for
movement-free brain-computer interfaces (BCIs).
Keywords: 3D motion trajectory prediction (MTP), brain-computer interface (BCI), decoding hand
velocity, electroencephalography (EEG), sensorimotor rhythms (SMR), multiclass classification
(MC), inner-outer (nested) cross-validation

1. Introduction
A brain-computer interface (BCI) aims to decode brain signals directly without using natural
neuromuscular pathways to provide alternative communication or movement control options for the
physically impaired (Wolpaw et al. 2002). BCI research has investigated a wide range of application
areas from orthosis control in the spinal injured (Pfurtscheller et al. 2000), virtual and real wheelchair
control (Leeb et al. 2007; Rebsamen et al. 2010), stroke rehabilitation (Prasad et al. 2010; Silvoni et
al. 2011) and entertainment and gaming applications (Lecuyer et al. 2008; Marshall et al. 2013) to
applications involving reading of visual imagery by online detection of visuospatial working memory
(Hamamé et al. 2012) or collecting information about ongoing cognitive neural activity for

monitoring, for instance, situational interpretations and emotional states (Zander & Kothe 2011)
among many others. A large proportion of BCI applications are aimed at enabling people to gain
control of objects in real or virtual three-dimensional (3D) spaces with motor imagery (MI), where
imagined movement enables voluntary modulation of the neural activity in the sensorimotor cortex
(Huang et al. 2012; LaFleur et al. 2013; McFarland et al. 2010; Royer et al. 2010), which can be
decoded for control.
Two different approaches have been used in non-invasive motor imagery (MI) BCIs, namely
multiclass (MC) sensorimotor rhythm (SMR) BCIs and time-series based motion trajectory prediction
(MTP) BCIs (Coyle & Sosnik 2015). MC SMR BCIs enable multi-dimensional control in the real or
virtual spaces using a classifier trained to distinguish between the imagined movement of different
limbs, with normally two limbs being classified (Coyle et al. 2005; McFarland et al. 2000;
Pfurtscheller et al. 1993; Qin & He 2005; Royer et al. 2010; Wolpaw et al. 1991) but up to four class
MI BCIs were also investigated (Morash et al. 2008; Pfurtscheller et al. 2006). MC SMR BCIs use a
multi-dimensional feature space and classifier for control. As the spatiotemporal SMR amplitude is
modulated differently for the executed/imagined movement of different limbs, the executed or
imagined movement of different limbs can normally be classified with varying degrees of success
from electroencephalography (EEG) originating in sensorimotor areas (Pfurtscheller 2001; Wolpaw et
al. 2002). Signal amplitude modulation occurs as a result of event-related desynchronization (ERD) or
synchronization (ERS) in large neural networks in sensorimotor areas. ERD and ERS originate from
the decreased or increased phase-locked synchronous activity of specific neural populations and are
manifested by decreased or increased power in mu (8-12Hz) and central beta (18-26Hz) frequency
bands over the central and parietal cortex (Pfurtscheller & Lopes da Silva 1999; Pfurtscheller et al.
2000; Pfurtscheller et al. 1993; Pfurtscheller et al. 2006; Qin & He 2005; Wolpaw et al. 1991).
Common SMR BCIs typically control different directions by classifying imaginary motion or rest
status of the specified limbs, which are regularly left hand, right hand, foot (single for of both feet),
and tongue (Ge et al. 2014; Morash et al. 2008; Pfurtscheller et al. 2006). More advanced applications
use a self-regulatory scheme in which the user learns to modulate the SMR to gain control over
different dimensions independently (McFarland et al. 2010; Royer et al. 2010; Wolpaw & McFarland
2004). Classical MC SMR BCIs (Yuan & He 2014) involving imagery of limb movements have been
shown to be very effective for many tasks including communication (Wolpaw et al. 2002), word
processing (Kübler et al. 2005), games control (Coyle et al. 2015), hand orthosis control (Baxter et al.
2013; King et al. 2011) and robotic arm control in a shared control strategy where the user specifies
the target with the BCI and the robot’s intelligent controller performs the movement (Fatima et al.
2015). Whilst classical MC SMR BCIs can decode a certain number end target positions, this
technique does not aim to decode the trajectory of a real or imagined limb movement from EEG.
In contrast to MC SMR BCIs, common motion trajectory prediction (MTP) BCIs aim to reconstruct
the limb movement trajectory itself, i.e., estimating the track of the limb coordinates or velocity
vectors during an executed or imagined movement (Korik et al. 2014). A commonly investigated
MTP BCI involves decoding a single upper limb movement towards multiple targets in 3D space
(Bradberry et al. 2010; Choi 2013; Yeom et al. 2013), but finger movement (Paek et al. 2014),
drawing tasks (Georgopoulos et al. 2005), or such complex movements as walking (Presacco et al.
2011) or drinking a glass of water (Heger et al. 2012) have also been investigated based on
noninvasively recorded brain activity using EEG or magnetoencephalography (MEG) techniques. In
contrast to classical MC SMR BCIs which normally involve discrete classification of movements into
different classes (e.g., left arm movement vs. right arm movement imagination) (Coyle et al. 2005;
McFarland et al. 2000; Pfurtscheller et al. 1993; Qin & He 2005), MTP BCIs reconstruct the 3D
trajectory from a time-series of band-pass filtered EEG potentials using multiple linear regression
(mLR) (Georgopoulos et al. 2005; Bradberry et al. 2010) as presented in Section 2.4. SMR BCIs

report the best accuracy when power values of mu (8-12Hz) and beta (12-30Hz) bands are used for
classifying the movement (Coyle et al. 2010; McFarland et al. 2000; McFarland et al. 2010; Wolpaw
& McFarland 2004). In contrast, MTP BCIs usually report the best results when a low delta (0.5-2Hz)
band-pass filter is applied to the EEG before the input time-series is fed to an mLR-based kinematic
data estimation module (Bradberry et al. 2010; Paek et al. 2014; Robinson et al. 2015; Yeom et al.
2013).
Other studies using invasive recording techniques also report the relationship between the trajectory
of a limb movement and low-frequency component of neural signals. For example, Nakanishi et al.
(Nakanishi et al. 2013) reconstructed arm movement from time-varying electrocorticography (ECoG)
potentials registered in the sensorimotor cortex using an mLR model. They reported the highest
accuracy when a 0-4Hz band-pass filter was applied to the ECoG. In one other study, Hall et al. (Hall
et al. 2014) confirmed a strong correlation of hand velocity trajectories of monkeys and amplitude
modulation of the local field potentials (LFPs) in the (~3Hz) low-frequency band in the primary motor
cortex (M1). As ECoG and EEG signals are composed of LFPs, this relationship provides an
explanation of successfully decoded limb movement trajectories based on time-series of low delta
(0.5-2Hz) band-pass filtered ECoG or EEG potentials.
Although MTP BCI approaches employing the bandpass filtered EEG potentials as input to the
mLR model have been shown to provide the highest accuracy in the 0.5-2Hz frequency band, Antelis
et al. (Antelis et al. 2013) pointed out the possible misinterpretation of these results. Antelis et al.
(Antelis et al. 2013) investigated the mLR-based MTP BCI using center-out task when the executed
movement follows a periodic rhythm, demonstrating how this setup can lead to an overestimated
accuracy in the low-frequency band if the accuracy is measured by correlation of the executed and
reconstructed trajectories.
Here we present evidence that time-varying power pattern of mu and beta bands provide more
information for 3D MTP BCIs than the lower frequency bands. Moreover, we show that
spatiotemporal power patterns of subject specific EEG bands, i.e., the time-series of bandpower
values from the selected EEG channels in specific frequency bands (bandpower time-series (BTS)
model) as opposed to the time-series of band-pass filtered EEG potentials (potential time-series (PTS)
model) provides more robust information for decoding the 3D trajectory of a limb movement. We
compare the commonly used PTS model with the proposed BTS model where bandpower is
calculated in 500ms width time-varying window of the EEG in selected channels.
Our pilot analysis (Korik et al. 2015) provided evidence that significantly higher accuracy rates are
achievable for the BTS based MTP compared to the PTS based MTP. Furthermore, in line with MC
SMR BCI results, we showed that the BTS based MTP provided the highest accuracy when power
values were taken from the mu (8-12Hz) and low beta (12-18Hz) bands. Here we present further
evidence of the approach with additional data, refined preprocessing and feature selection methods
and advanced analysis on an EEG-kinematic dataset, comprising three subjects and two runs and 3D
movements to six targets.
In summary, the aims of the chapter are:
1.
2.

3.

to compare the commonly used potential time series (PTS) based MTP approach (Bradberry et
al. 2010) with the bandpower time series (BTS) based MTP model presented here.
to show that mu and beta rhythms provide information for decoding 3D hand motion trajectory
from spatiotemporal power pattern of these specific EEG bands and that this information is
more reliable that the commonly used low delta band.
to illustrate why MTP BCIs have focused on lower frequency components exclusively and
occlude information in mu and beta bands for MTP.

4.

to show that the BTS based MTP approach might provide a synthesis of methods that are
commonly used for classifying limb movement with an MC based SMR BCI and
reconstructing the track of the movement by a PTS based MTP BCI.

We must note that all the work presented in this study, similar to most of the published MTP
studies to date, is focused on motor execution (i.e., reconstructing track of a realized hand movement)
as opposed to motor imagery which is the subject of our ongoing experiments (Korik et al. 2016).

2. Methods
EEG-based 3D hand MTP poses many challenges regardless of the movement type, being actual or
imagined. It is, therefore, valid to assume that multiple stages of high performing signal processing is
necessary to extract the relevant information. This section presents the details of the various signal
preprocessing and prediction procedures that have been used in this work. Figure 1 illustrates the
various steps and processing blocks used for the analysis. These blocks are discussed in detail in the
following subsections whereas the experimental paradigm is discussed in Section 2.1, data recording
in Section 2.2, preprocessing in Section 2.3, details of the kinematic data reconstruction in Section
2.4, and architecture optimization and calculation of the final results is described in Section 2.5.

Figure 1. Signal processing pipeline - from data acquisition to evaluation of the decoding accuracy.

2.1. Experimental Paradigm
Three healthy subjects (males, aged 25-46 years) gave informed consent and participated in the
study, which was conducted in the Hybrid BCI lab at Holon Institute of Technology (HIT), Israel. The
study was performed with the informed consent of the subjects and had full ethical approval from
Wolfson Medical Center Research Ethics Committee. All subjects were right-handed, without any
medical or psychological illness and/or medication and had normal or corrected to normal vision. The
subjects were informed about the experimental task to be undertaken prior to the experiment.

Subjects sat on a chair, 1.5m in front of a Kinect sensor (Kinect 2010), looking forward and were
requested to maintain a constant head position, refrain from teeth grinding and to minimize unrequired
movement during the experiment. They were also asked to minimize eye blinks during the movement
cycles (described below) and to rest during the inter-task resting periods. The experimental tasks were
executed by their right, dominant hand.

Figure 2. Illustration of the experimental setup. The green circle and blue circles indicate the home
position and six targets position, respectively.
The experiment comprised two runs of executed hand movement tasks, which were separated by
one minute inter-run resting (IRR) pause. During IRR, the subjects were asked to relax, not to move
or talk. The runs comprised repeated movements between the home position and one of the six
targets. Target 3, 2, and 1 lay in the shoulder plane forming 0°, 30°, and 60°, respectively, between
the torso and the shoulder (Figure 2). Target 5 lay 30° below the shoulder plane, forming 0° between
the torso and the shoulder. Targets 4 and 6 lay 30° above the shoulder plane, forming 0° and 60°,
respectively, between the torso and the shoulder. The format of the runs, which match the
experimental paradigm of our pilot analysis (Korik et al. 2015), is presented in Figure 3.

Figure 3. The timing of the experimental paradigm. A: a movement cycle between the home position
(H) and one of the six targets (T1-6). B: structure of one block comprising fifteen movement cycles
between the home position and one of the targets. C: structure of the runs, where each run comprises
six movement blocks to one of the six targets (T1-6).
Each run comprised six blocks, each comprising fifteen hand movements between the home
position and one of the six targets. Eight seconds before run initiation, the subject was asked to get
ready for the task. The movement between the home position and a target was synchronized with an
800ms auditory cue (6 kHz tone), which was followed by an 800ms pause epoch. The backward
movement from the target to the home position was synchronized with an 800ms auditory cue (4 kHz
tone), which was followed by an 800ms resting epoch at the home position. Thus, a movement cycle
lasted for 3200ms (Figure 3A), a movement block lasted for 48 seconds (Figure 3B), and a run lasted
six minutes, comprising six blocks each followed by an inter-block resting (IBR) period, lasting for
twelve seconds (Figure 3C). For each IBR, a recorded voice message was played four seconds before
the subsequent block initiation, informing the subject about the identity of the next target. The runs
were separated by an inter-run resting (IRR) period lasting one minute.

2.2. Data Acquisition
EEG and kinematic data were acquired parallel. EEG signals were recorded in 61 channels. Two
electrooculography (EOG) electrodes were attached inferiorly to the orbital fossa of the left eye. Both
EEG and EOG were recorded using g.HIamp80 (g.HIamp80 2013). The EEG was referenced to the
right ear lobe, amplified (gain: 20000), filtered (Butterworth 0.5-100Hz, 8th order), and sampled (A/D
resolution: 24 Bits, sampling rate: 1200 samples/s). The ground electrode was positioned on the
forehead above the nose. Impedance for all active electrodes was below 50KΩ. In the following
section, Figure 4A illustrates the EEG montage.
The 3D Microsoft Kinect camera system (Kinect 2010) was developed for Xbox 360 to record 3D
limb movements. We decided to use this device for registering kinematic data as it provides 3D
coordinates of limbs’ joints to sufficient accuracy. Kinematic data were recorded from the right
dominant hand, elbow, and shoulder at 30 frames per second (FPS). The kinematic data acquisition

does not require the placement of markers on the joints of the arm because the Kinect camera system
can identify the limb joints without markers. All datasets were acquired at the Hybrid BCI lab at
Holon Institute of Technology (HIT), Israel.

2.3. Data Preprocessing
2.3.1. EEG Data Preprocessing
EEG preprocessing involved a reference filter for reducing common mode artifacts, baseline filter
for DC shift correction, a threshold limit filter for filtering out data intervals with high-level transient
noise, a wide range (0.5-40Hz) band-pass filter for filtering out non-relevant frequency bands, and
independent component analysis (ICA) for removal of EOG, muscle artifacts and noise reduction.
Following ICA, the data were parallel filtered by six non-overlapped band-pass filters within the 0.540Hz frequency range, serving as an input for the PTS model. In addition, the Fast Fourier Transform
(FFT) was applied to the ICA outputs in six frequency bands, serving as an input for the BTS model.
Details of the two models are presented in Section 2.4. Additional details of the applied preprocessing
methods are described below.
Re-referencing and band-pass filtering
EEG channels are usually charged with a common mode artifact, which distorts the registered EEG
signals. There are numerous referencing methods commonly used in EEG preprocessing for reducing
common mode artifacts, including bipolar referencing, common average referencing (CAR), Laplace
filter, and common spatial patterns (CSP) (Fehmi & Collura 2007; Lu et al. 2013; McFarland et al.
1997; Ramoser et al. 2000). As part of a limited pilot analysis on data not included in this study
(unpublished), we compared the filters’ noise and artifact reduction performance of referencing
methods. CAR and Laplace filters in four different distances of the Laplace center and surrounding
electrodes were applied separately to the raw EEG data.

Figure 4. Illustration of EEG montage and Laplace filter setup. A: EEG montage and those channel
locations that were used as center points for the Laplace filtering. B: three representative examples of
Laplace filter electrode sets. For each of the three sets, the Laplace center electrode and those
electrodes, which were selected as surrounding electrodes for Laplace filtering are labeled.
As the ICA technique provided slightly better separation of the noise components when the small
Laplace filter was applied, we selected the small Laplace filter for the current analysis. Out of the 61

registered EEG channels, 31 channels (Figure 4A) were re-referenced using a small Laplace filter as
described in (1) according to (McFarland et al. 1997) and (Lu et al. 2013):
𝑥𝑖𝐿𝐴𝑃 = 𝑥𝑖𝐸𝑅 − ∑𝑗∈𝑆𝑖 𝑔𝑖𝑗 𝑥𝑗𝐸𝑅

where 𝑥𝑖𝐸𝑅 is the potential between electrode i and the reference (2),
𝑔𝑖𝑗 = ∑

1⁄𝑑𝑖𝑗

𝑗∈𝑆𝑖 1⁄𝑑𝑖𝑗

(1)

(2)

Si is the set of electrodes surrounding the electrode i and dij is the distance between electrodes i and j (j
∈ Si).
The surrounding electrodes for the small Laplace filter have been selected as shown in Figure 4B
(e.g., for the FC3 central electrode, the surrounding electrodes were F3, C3, FC5, and FC1). For EEG
channels that resided at the edge of the montage, the Laplace filtering was applied to a reduced
number of surrounding electrodes. For example, for P2 central electrode, only three surrounding
electrodes (CP2, Pz, and P4) were used for the Laplace filter because the EEG montage did not
involve the PO2 electrode location above P2. Our analysis showed the optimal electrode sub-set,
which results in the highest accuracy for MTP (Section 2.5) may involve such EEG electrode
locations, where the Laplace filter was applied to a reduced number of surrounding electrodes.
Therefore, in cases where all four surrounding electrodes are not available, it is appropriate to use the
above described modified Laplacian in order to keep these electrode locations in the analysis.
As the baseline of the re-referenced signals was not zero, DC shift was calculated separately for
each re-referenced channel and subtracted from the re-referenced signals. To avoid processing data
intervals with low signal-to-noise ratio (SNR), preprocessed EEG data intervals with a high-level
transient noise (>|±300μV|) were removed from further analysis. In order to keep the EEG and
kinematic datasets synchronized, indices of removed intervals were registered and fed into the data
synchronization algorithm. As valuable information for MTP could be gained from 0.5-40Hz EEG
frequency band (Korik et al. 2015), the data were filtered in this frequency band by an 8th order
Butterworth filter.
Independent component analysis (ICA)
EEG is a multi-dimensional interrelated signal that is generated by numerous independent neural
sources and noise components as defined in (3):
𝑬𝑬𝑮[𝑡] = 𝒇�𝒔(𝑡)� + 𝒏(𝑡)

(3)

𝑬𝑬𝑮[𝑡] = 𝐀𝑠(𝑡) + 𝒏(𝑡)

(4)

where 𝐸𝐸𝐺[𝑡] is the EEG signals, 𝑓�𝑠(𝑡)� is a mixture function of the unknown sources, and 𝑛(𝑡) is
the noise. Therefore, using a coordinate transformation it is possible to convert the raw signals into a
vector space wherein the basis coordinates are related to the most prominent sources as shown in (4):

where A is a mixing matrix that is used on 𝑠(𝑡) sources for reconstructing the EEG signals. ICA gives
a solution for converting the original N-dimensional vector space, where N is the number of registered
EEG channels, into a new vector space where the number of signals sources is given by 𝑠(𝑡) and
noise sources is given by 𝑛(𝑡) (Kachenoura et al. 2008; Makeig et al. 1996). Those ICA components,
which may be related to artifacts such as EOG, electromyography (EMG) or noise components, can
be identified by their tempo-spectral features and scalp distribution (Mognon et al. 2010). The noise
reduced EEG signals can be constructed using the inverse ICA transformation on the components that
were considered not to be artifactual or noise sources.

Thus, ICA was performed on the 31 preprocessed Laplacian channels shown in Figure 4A. The
components that were identified as related to EOG, EMG or noise, were removed and the remaining
components were transferred back to the original 31-dimensional data space using the inverse ICA
transformation.
The potential time-series model (PTS model)
In order to detect the frequency band that provides the highest accuracy for the kinematic data
reconstruction (Sections 2.4 and 2.5), an 8th order Butterworth filter was applied to the ICA filtered
EEG, separately in the following six frequency bands: lower delta (0.5-2Hz), theta (4-8Hz), mu (812Hz), lower beta (12-18Hz), upper beta (18-28Hz), and gamma (28-40Hz). The PTS model was
trained and tested separately based on preprocessed EEG, respectively to the above defined six bands.
The preprocessing method for the PTS model, described in present chapter, provides such kind of
EEG dataset, which is commonly used in the standard PTS based MTP BCI studies (Antelis et al.
2013; Bradberry et al. 2010; Choi 2013; Ofner & Müller-Putz 2012; Georgopoulos et al. 2005; Paek
et al. 2014; Sicard et al. 2014).
The bandpower time-series model (BTS model)
The BTS model is a standard model applied in traditional MC SMR BCIs but here we apply to MTP
BCIs for the first time. In the BTS model, each of the six non-overlapped band-pass filters was
extended with a time varying bandpower calculation, which provided the power of the ICA filtered
EEG signals in a 500ms width sliding time window for the six specified frequency bands with 33.3ms
time lag between two adjacent windows. This time, lag was chosen to match the kinematic sampling
rate (30FPS). The bandpower within a time window was calculated by averaging the absolute values
of the band-pass filtered EEG potentials within the window as described in (5):
𝐵𝑃𝑛𝑏𝑤 =

∑𝑀
𝑚=1|𝑆(𝑚)𝑛𝑏𝑤 |
𝑀

(5)

where BP nbw is the bandpower value calculated from EEG channel n, using band-pass filter b, within
a 500ms width time window w. M is the number of samples within the time window and S(m) is the
mth band-pass filtered sample within the time window. Thus, the BTS model was trained separately
with the time-series of bandpower values that were calculated from the ICA filtered EEG in each of
the following six frequency bands: 0.5-4Hz, 4-8Hz, 8-12Hz, 12-18Hz, 18-28Hz, and 28-40Hz, and
compared. These bands are similar to the bands that were used for the PTS model. The only difference
is the lowest band, was selected to narrower (0.5-2Hz) for the PTS model. This modification was
applied because a number of published studies (Bradberry et al. 2010; Ofner et al. 2015; Paek et al.
2014; Robinson et al. 2015; Sicard et al. 2014) reported the highest accuracy of MTP for the PTS
model in a narrow band around 1Hz center frequency. Nevertheless, as in the case of the BTS model,
our prior analysis (unpublished) did not show any significant difference in accuracy using 0.5-2Hz or
0.5-4Hz bands, therefore, we tested the BTS model in the 0.5-4Hz band.
2.3.2. Kinematic Data Preprocessing
A high-frequency noise (>10Hz) was detected in the registered kinematic data, which did not
originate from real movement. This noise was reduced before further processing. As low-pass filtering
the kinematic data significantly distorted the data during the movement periods, a moving average
smoothing filter with a five sample window was applied separately for each kinematic coordinate. The
quality of the smoothed kinematic data was validated manually as described in Section 2.3.3.

2.3.3. Data Synchronization, Data Validation, and Task Interval Separation

As MTP BCIs aim to reconstruct movement kinematics from the corresponding EEG signals
(Section 2.4), accurate data synchronization between EEG and kinematic signals is crucial. This
subsection highlights critical issues related to EEG-kinematic data synchronization, data validation,
and task interval separation, which is the basis for proper selection of training data and test data
(Section 2.5).
As it was found that the Kinect sampling rate was not stable throughout the recording sessions, the
two datasets were synchronized by a time stamp array that was stored for both data types based on the
onset and offset time points of the movement tasks. The preprocessed EEG dataset was down-sampled
from 1200Hz to 30Hz to reduce the size of the EEG dataset and to match the sampling rate of the
kinematic data.
The preprocessed EEG and kinematic data were validated manually. Preprocessed EEG data
intervals containing high-level transient noise were marked as invalid intervals and removed from
further analysis along with their corresponding kinematic data. The preprocessed kinematic data were
investigated separately for hand coordinates in x, y, and z directions. Data intervals that were charged
with a high-level transient noise (detected with manual validation) were marked and removed from
further processing along with their corresponding EEG data.
Based on the registered kinematic data, the onset and the offset trigger points of each block were
registered manually in each run. These trigger points were used for preparing an inner and outer fold
level based EEG-kinematic dataset, which was used in the framework of the inner-outer crossvalidation (CV) system for optimizing, training, and testing the investigated MTP models (Section
2.5).

2.4. Kinematic Data Reconstruction
The core module in an MTP BCI is the kinematic data estimator block, which reconstructs the
kinematic trajectory based on the input EEG time-series. In the training stage, the key parameters of
the estimation block are optimized.

Figure 5. Block diagram for training an MTP BCI.

Figure 5 illustrates the configuration for training the estimation block. The parameters of the
kinematic data estimation block are regulated by the comparison module which calculates the
difference between the registered and reconstructed kinematic trials, in order to attain maximal
correlation between them. The mLR models are tested on several configurations of the EEG features
in order to find the feature setup that provides the highest MTP accuracy. The model coefficients
(parameters) for each investigated configuration are optimized separately to minimize the prediction
(or reconstruction) error. The following subsection describes mLR for MTP.

Multiple Linear Regression (mLR)
Here we describe the multiple linear regression (mLR) based MTP method used for kinematic
trajectory reconstruction separately in each of the three orthogonal spatial dimensions, separately.
mLR combined with the PTS model was presented by Bradberry et al. (Bradberry et al. 2010) as
shown in (6):
𝐿
𝑥𝑖 [𝑡] = 𝑎𝑖 + ∑𝑁
𝑛=1 ∑𝑘=0 𝑏𝑛𝑘𝑖 𝑆𝑛 [𝑡 − 𝑘] + 𝜀[𝑡]

(6)

where 𝑎𝑖 and 𝑏𝑛𝑘𝑖 are regression parameters that learn the relationship between 𝑆𝑛 [𝑡 − 𝑘] input and
𝑥𝑖 [𝑡] output data. 𝑥𝑖 [𝑡] contains the three orthogonal velocity components, 𝑆𝑛 [𝑡 − 𝑘] is standardized
temporal difference of EEG potentials at EEG sensor n, at time lag k according to (6). The i index
denotes spatial dimensions in the 3D orthogonal coordinate system, N is the number of EEG sensors,
L is the number of time lags, and ε[t] is the residual error. The embedding dimension is the number of
time lags plus one (L+1), i.e. the number of those time lagged samples that are selected from each
channel for estimating kinematic data at time point t. The standardized difference for the PTS model
is described in (7):
𝑆[𝑡] =

𝜈𝑃𝑇𝑆 [𝑡]−𝜇𝜈𝑃𝑇𝑆
𝜎𝜈𝑃𝑇𝑆

(7)

where 𝜈𝑃𝑇𝑆 [𝑡] is the value of the input time-series at time t (i.e., a potential value for the PTS model),
𝜇𝜈𝑃𝑇𝑆 is the mean value, and 𝜎𝜈𝑃𝑇𝑆 is standard deviation of 𝜈𝑃𝑇𝑆 .

The BTS model presented here uses the same equation for mLR as described above in (6) but the
𝑆𝑛 [𝑡 − 𝑘] standardized temporal difference is calculated from bandpower values of the specified EEG
band rather than band-pass filtered EEG potentials. As bandpower values are limited to positive value
therefore the standardized difference was calculated differently for the BTS model that of for the PTS
model is described in (7) in which case the input was roughly symmetric. The standardized difference
for the BTS model is described in (8):
𝑆[𝑡] =

𝜈𝐵𝑇𝑆 [𝑡]
𝜎𝜈𝐵𝑇𝑆

(8)

where 𝜈𝐵𝑇𝑆 [𝑡] is the value of the input time-series at time t (i.e., a bandpower value for the BTS
model) and 𝜎𝜈𝐵𝑇𝑆 is the standard deviation of 𝜈𝐵𝑇𝑆 .

Figure 6. Illustration of the input data structure and the output data for the kinematic data estimation

block at time point t. The input data set is prepared using a time-series of the preprocessed EEG data
that was registered at 0 to L time lag distance from t according to channel IDs 1 to N. The
corresponding output data is the kinematic data at time point t.

The input-output structure of the kinematic data estimation module is similar for the PTS and BTS
models. The only difference is the optimal number of time lags (i.e., embedding dimension minus
one) that is selected during parameter optimization as described in the following section (Section 2.5).
The structure of the input and output data at time point t, according to (6), is illustrated in Figure 6.

2.5. Architecture Optimization, Training, Test, and Cross-Validation
The inner-outer cross-validation technique was employed (Figure 7) to optimize the MTP
architecture. This involved testing and selecting a range of parameters using an inner fold CV (Figure
7B) and calculating the final results in the outer fold CV (Figure 7A) using the optimal architecture
that is selected by the inner fold CV. The MTP accuracy is assessed by estimating the correlation
value of the measured and the reconstructed kinematic trials. The final results were calculated by
averaging MTP accuracy across the outer folds for each subject, separately. We applied a six-fold CV
on the inner folds and seven-fold CV in the outer folds.

Figure 7. Illustration of the inner-outer (nested) cross-validation technique. This figure provides an
example of training and test data separation options in the inner fold level (B) from the outer fold
setup (A), which uses fold 2-7 for training and fold 1 for testing purposes.

Data separation for inner-outer cross-validation
Preparing a proper training data set is very important for the homogeneity of training. The signal
processing framework will train properly for each kind of movement only if the training dataset
contains a similar amount of data for each target. As inner-outer CV uses all combinations of the outer
folds, the homogenous distribution of movement dependent data intervals is an additional criterion for
the outer folds.

Figure 8. The structure of the outer folds based on the recorded data structure.
The analyzed dataset involves two runs, each run contains six separated blocks respectively with the
six different targets and each block involves fifteen full movement cycles between the home and the
actual target as illustrated in Figure 3. A forty seconds length interval, comprising approximately
twelve movement cycles, centered at the middle of each block was selected for further processing as
shown in Figure 8A. Each forty seconds length interval slice was divided into seven non-overlapped
sub-intervals and then the order of the sub-intervals within each block was randomized separately as
presented in Figure 8B. From this data structure, the randomized sub-intervals were re-distributed into
seven outer folds as illustrated in Figure 8C (i.e., the data content of each outer fold were drawn from
six unique movement intervals with similar length for each of the six targets). This kind of data
separation guaranteed the homogenous distribution of movement dependent data intervals for each
outer fold. The inner fold data were drawn from the outer folds (Figure 8C) as shown in Figure 7.
As the global parameter space is too large for practical one-step optimization, i.e., there are multiple
parameters that can affect performance, it is a challenge to optimize globally. A three steps approach
was taken for optimization with the first optimization phase having a fixed EEG montage, whilst time
lag and embedding dimension were optimized. The second optimization phase used the parameters
optimized in the first optimization phase, whilst the importance of channels was identified by
evaluating all single channels independently and subsequently ranking channels by their importance
and selecting a subset. The third phase involved re-optimization of time lag and embedding dimension
with the chosen subset of channels from the second phase of optimization. The following subsections
describe the optimization phases.
Optimization 1 – Time lag and embedding dimension
For the first phase of optimization, the EEG montage was kept fixed and only the time lag and the
embedding dimension were varied. Our recent analysis (Korik et al. 2015) in accordance with other
studies (Bradberry et al. 2010; Choi 2013; Ofner & Müller-Putz 2012) showed that the best MTP

accuracy is obtained when EEG signals are selected over the sensorimotor cortex. Thus, ten rereferenced (i.e., Laplace-filtered) and preprocessed EEG channels over the sensorimotor cortex were
selected for the initial EEG montage as illustrated in Figure 9.

Figure 9. Illustration of the ten Laplace-filtered EEG channel locations, which were selected as input
EEG montage for the first step of the BCI parameter optimization. Each of the ten labeled input
signals is the result of the EEG preprocessing method described in Section 2.3.1 which includes small
Laplacian derivation area illustrated with the circles.
For both of the PTS and BTS models, the time lag and embedding dimension were optimized for
each of the seven outer folds using the inner-level CV for each subject, run, and investigated
frequency band, separately for each of the three orthogonal spatial dimensions (i.e. v(x), v(y), and v(z)).
The optimal configuration was identified by a heuristic global search method. The parameter space,
which was searched for each option separately, is presented in Table 1.
Parameter
Time lag
Embedding dimension
Input frequency band

Investigated parameter space
PTS model
BTS model
33ms … 200ms
33ms … 600ms
1 … 17 samples
1 … 15 samples
0.5-2Hz, 4-8Hz, 8-12Hz,
0.5-4Hz, 4-8Hz, 8-12Hz,
12-18Hz, 18-28Hz, 28-40Hz
12-18Hz, 18-28Hz, 28-40Hz

Table 1. The investigated parameter space.
Input and output training and test datasets were prepared as discussed in Section 2.4 using the inner
data separation, which is presented in Figure 7B.
Optimization 2 – Channel selection and topological analysis
Our prior analysis showed the optimal time lag and embedding dimension are not identical but
similar for different EEG channel setups. Therefore, in the second optimization step, the time lag and
embedding dimension were kept fixed using the values obtained in the first step and the kinematic
data reconstruction was calculated with each of the 31 preprocessed EEG channels, separately. Thus,
in this step, the model was trained and tested based on a single input channel setup. The importance of
the EEG channels was identified by evaluating the results of each channel independently and
subsequently ranking channels by their importance based on the achieved accuracy. According to (6),
the number of inputs for kinematic data reconstruction is equal to N multiplied by the embedding
dimension L, where N is the number of the input EEG channels. In order to maintain a tractable

number of the input parameters for the kinematic data reconstruction the number of the selected input
EEG channels, N, should be limited. As the average optimal embedding dimension resulted in (L+1)
~11 (Table 2), we decided to limit the maximal number of the selected input EEG channels to eight.
Therefore, the eight highest ranked channels were selected as the optimal channel subset. The optimal
channel subset selection was performed for each of those options separately, which was discussed in
the previous subsection describing the first step of parameter optimization.
In order to illustrate the most prominent cortical areas, the calculated single channel accuracy values
for each subject and frequency band separately were averaged across all inner folds, runs, and spatial
directions. The averaged accuracy values were plotted in the form of a topological map for the two
models and each subject separately in each of the six frequency bands. The averaged accuracy values
were used only for this illustration which is presented in the results section.
Optimization 3 – Re-optimization of time lag and embedding dimension
In this step, the time lag and embedding dimension were optimized once again separately for all of
those options that were discussed in optimization 1 using the relevant EEG subsets from parameter
optimization 2.
Calculating the final results and cross-validation
After the three optimization phases, which were completed using inner fold data, the final results
were calculated based on the outer fold data using best subject-specific parameter setups, selected
based on inner fold CV performance. Accuracy metrics (i.e., the correlation value) of the hand
velocity trial reconstruction was calculated separately for the PTS and BTS models in the selected
frequency bands for the seven outer test folds and three orthogonal vector components in x, y, and z
directions. The mean value of the accuracies calculated across the seven outer test folds was averaged
and compared for the PTS and BTS models at each of the three directions, respectively. The accuracy
rates of the PTS model and the proposed BTS model were compared and differences were analyzed
using the student’s t-test.

3. Results
The optimal time lag and embedding dimension
The optimal time lag and embedding dimension were selected in the first optimization phase on
each of the inner fold cross-validations using a fixed pre-selected input channel setup for the PTS and
BTS models for each , subject, run, frequency band, and spatial dimension combinations, separately.
The resulted optimal time lag and embedding dimension values varied for different options. Table 2
presents the typical range of the optimal values for the two compared models.
Subject

PTS model
Embedding
Time Lag
Dimensions (L+1)

BTS model
Embedding
Time Lag
Dimensions (L+1)

Subject 1

33..100ms

9..11 samples

100..300ms

9..11 samples

Subject 2

66..100ms

9..13 samples

100..300ms

7..11 samples

Subject 3

66..100ms

7..11 samples

100..300ms

9..11 samples

Table 2. The typical range of the optimal time lag related parameter values based on the first step of

the MTP parameter optimization.

The optimal channel sets
Figures 10A, 10B, and 10C present the topological maps that were plotted to illustrate the cortical
areas, which provided the highest accuracy in the second optimization phase based on single EEG
channel inputs.

Figure 10A. Topological maps of correlation values (R) obtained using the PTS model in the most
prominent frequency band (i.e., low delta (0.5-2Hz)). The plots show the R value for each Laplacian
channel by averaging across all inner folds, two runs, and three orthogonal spatial dimensions.

Figure 10B. Topological maps of correlation values (R) obtained using the BTS model in the low
delta (0.5-2Hz). The plots show the R value for each Laplacian channel by averaging across all inner
folds, two runs, and three orthogonal spatial dimensions.

Figure 10C. Topological maps of correlation values (R) obtained using the BTS model in prominent
frequency bands (i.e., theta (4-8Hz), mu (8-12Hz), low beta (12-18Hz), and high beta (18-28Hz)). The
plots show the R value for each Laplacian channel by averaging across all inner folds, two runs, and
three orthogonal spatial dimensions.
The highest accuracy of the PTS model was achieved for each subject when a low delta (0.5-2Hz)
band-pass filter was applied to the preprocessed EEG. In contrast, the most prominent frequency
bands for the BTS model were the mu (8-12Hz) and low beta (12-18Hz) bands. For the BTS model
the theta (4-8Hz) and high beta (18-28Hz) bands also provided a reasonable high level of accuracy.
Table 3 presents the frequency bands, which provided the highest accuracies during the inner fold CV
tests.

Subject 1
Subject 2

PTS model
low delta (0.5-2Hz)
low delta (0.5-2Hz)

Subject 3

low delta (0.5-2Hz)

BTS model
theta (4-8Hz), low beta (12-18Hz)
mu (8-12Hz), low beta (12-18Hz)
theta (4-8Hz), mu (8-12Hz),
low beta (12-18Hz), high beta (18-28Hz)

Table 3. Summary of the frequency bands that provided the highest accuracy in the inner crossvalidations.
A comparison between topological results of PTS and BTS models in the delta band is presented in
Figures 10A and 10B. Figures 10A and 10C illustrate the important cortical areas for MTP in the case
of the most prominent frequency bands for the PTS and BTS model, respectively.
Using the optimal EEG montages which have been selected separately for different options (as
described for optimization 1), the time lag and embedding dependent parameters were re-optimized in
the inner-fold cross-validations. However, the re-optimization using the optimal montages yielded
similar time lag and embedding dimension values to those that are reported for the pre-selected
montages in Table 2.
Accuracy of trajectory reconstruction
The final results were calculated on the outer fold level using the optimal setups based on the three
steps of optimization performed in each of the inner-level cross-validations. Correlation values were
calculated separately for the seven outer test folds according to the three spatial dimensions and were
averaged across all folds and the three spatial dimensions. Figure 11 presents a comparison of the
achieved accuracy for hand velocity trial reconstruction based on the six investigated frequency bands
across each of the three subjects and two runs.
The final results were calculated on the outer fold level using the optimal setups that were
calculated based on the inner-level tests. Correlation values were calculated separately for the seven
outer test folds according to the three spatial dimensions and were averaged across all folds and the
three spatial dimensions.

Figure 11. Comparison of the kinematic trial reconstruction accuracy of the PTS model (A) and the
BTS model (B) in the six analyzed input frequency bands for two runs for each of the three subjects.
In accordance with the inner fold results, the low delta (0.5-2Hz) band was found to be the most
prominent frequency band for the PTS model (Figure 11A). The most prominent frequency band for
the BTS model across all subjects was found typically to be the mu (8-12 Hz) and low beta (12-18Hz)

bands. However, for subjects 1 and 3 the theta (4-8Hz) band and for subject 3 the high beta (18-28Hz)
band also provided a high level of accuracy (Figure 11B).

Time lag
Embedding dimension

PTS model
66..100ms
9..11 samples

theta (4-8Hz), low beta (12-18Hz)

Subject 1
Prominent
Subject 2
band(s)
Subject 3

BTS model
100..300ms
9..11 samples

low delta (0.5-2Hz)

mu (8-12Hz), low beta (12-18Hz)
theta (4-8Hz), mu (8-12Hz),
low beta (12-18Hz), high beta (18-28Hz)

Table 4. Summary of the optimal parameter range for the PTS and BTS models based on the innerlevel CV.

Figure 12. Comparison of the kinematic trial reconstruction accuracy for PTS model and BTS model
in x, y, and z directions using the optimal MTP architectures.
The best accuracy of the PTS model resulted in R~0.2 (p<0.02) in the low delta (0.5-2Hz) band
while the BTS model achieved significantly higher R~0.45 (p<0.02) accuracy rates typically in the
mu (8-12Hz) and low beta (12-18Hz) bands. Table 4 summarizes the typical parameter ranges, which
typically resulted the best outer level accuracy across the investigated options in the inner-level tests
and Figure 12 provides a comparison of the achieved outer level test accuracy by the two investigated
models using the above mentioned parameter setup.

Figure 13. Illustration of the actual and the reconstructed hand velocity trials.
Finally, Figure 13 presents an example of the target and reconstructed kinematic velocity trials
based on subject 2, run1, and outer test fold 1 for the BTS model using the best BCI architecture
selected based on the three step optimization on the corresponding inner folds.

4. Discussion
MTP BCIs commonly use the time-series of band-pass filtered EEG potentials for trajectory
reconstruction. In this study, we compared the EEG potential time-series (PTS) based MTP approach
(Bradberry et al. 2010) with the proposed bandpower time-series (BTS) based MTP approach (Korik
et al. 2015). A number of papers, for example (Bradberry et al. 2010; Liu et al. 2011; Paek et al. 2014;
Robinson et al. 2015), report the best accuracy for MTP in the low delta (0.5-2Hz) band using the PTS
approach. These studies, showing prominence in the low delta band, are in conflict with the extensive
literature on classical SMR BCIs, which report the highest accuracies using power values of mu (812Hz) and beta (12-30Hz) bands (McFarland et al. 2000; McFarland et al. 2010; Pfurtscheller et al.
1993; Pfurtscheller et al. 2006; Qin & He 2005; Wolpaw et al. 1991). Classical SMR BCI
performance is explained with reference to ERD and ERS (Pfurtscheller & Lopes da Silva 1999;
Wolpaw et al. 1991), which are detectable over the sensorimotor cortex in mu and beta bands. In
contrast, Hall et al. (Hall et al. 2014) demonstrated how the hand velocity trajectories of monkeys and
amplitude modulation of the local field potentials (LFPs) in low-frequency band (~3Hz) in the
primary motor cortex (M1) correlate. This modulation is scaled in a similar frequency range that is
regularly applied to the band-pass filter for preparing the input time-series of a common MTP BCI. It
is, therefore, logical to assume that the success of decoding of the limb movement trajectory is due to
this modulation. As SMR BCIs classify limb movements by power spectral density (PSD) of the mu
(8-12Hz) and beta (12-30Hz) bands, we assumed that the time-varying power pattern of these
frequency bands might hold more significant information for limb movement decoding compared to
that available in the low delta band.

Here we present mathematical evidence to indicate why low-frequency band information is being
selected by the PTS based motion trajectory prediction approach and the other higher frequency
components are being neglected. As the highest accuracy of MTP achieved using the PTS model is
achieved when a 0.5-2Hz band-pass is applied to the EEG, it is hypothesized that the trajectory of the
movement is coded in the low delta band (Bradberry et al. 2010; Paek et al. 2014; Robinson et al.
2015; Yeom et al. 2013). In essence, the common conclusion is as follows: although the moving and
resting state of a limb is coded in the PSD of mu and beta bands, the trajectory of the movement is
coded in the low delta band. We show this conclusion is not necessarily true and might reveal a
limitation of the PTS model.
We investigated how the time delayed samples of EEG potentials in the PTS model match the
rhythm of an executed movement. The PTS model in our study resulted in similar values for the
optimal time lag (~ 66…100ms) and the optimal embedding dimension (~ 11 samples) (Table 4)
which are reported in other MTP studies (Bradberry et al. 2010; Korik et al. 2015). For the PTS model
these parameters result in taking samples across a window of approximately 1s (eleven time delayed
sample points) which correspond with cycles of the executed movement, as the length of a movement
between the home and a target position was 800ms.
To further analyze this we investigated through simulation how the time delayed samples points of
the input PTS fit the band-pass filtered EEG signals when the EEG is band-pass filtered in different
frequency bands (Figures 14A1 and 14A2). In this simulation, the first synthetic potential dataset is
derived from a 1Hz attenuated sine wave (Figure 14A1) and the second synthetic dataset is derived
from a 23Hz attenuated sine wave (Figure 14A2). These are used to simulate band-pass filtered EEG
signals when the filter is applied to the 0.5-2Hz and 18-28Hz bands, respectively, and assumes that
the movement trajectory is encoded in the attenuation. As Figure 14A1 shows, if the 1Hz synthetic
data is sampled every 100ms over 1000ms as is done with the PTS model (indicated by markers), the
signal can be reconstructed from the samples points. Nevertheless, higher bands (>4Hz) illustrated by
the 23Hz attenuated sine in Figure 14A2, with inputs selected every 100ms are composed of quasirandom potential values because the width of the time lag is longer than the period of the input signals
and the movement encoded in the attenuation could not be reconstructed from these samples.
Therefore, the input signal is represented properly by the time delayed sample points of the PTS
model if, and only if, the input signal belongs to the 0.5-2Hz frequency range.
On the other hand, the comparison between Figures 14A and 14B highlights that, in the case of the
BTS model the time variance of the EEG bandpower is represented properly by the input BTS in both
(lower and higher) investigated frequency bands (Figures 14B1 and 14B2) as well as in any other
EEG bands.

Figure 14. A1 and A2: illustration of time delayed samples points are selected from a 1Hz and a
23Hz attenuated sine wave for preparing input time-series using 100ms time lag (vertical marker
lines). B1 and B2: illustration of the selected time delayed samples points based on bandpower values
of those signals, which are presented in A1 and A2, respectively. In the case of 1Hz signal, the Fast
Fourier Transform (FFT) was applied to the 0.5-2Hz band. In the case of 23Hz signal, the FFT was
applied to the 18-28Hz band.

The optimal time lag for the BTS model is between 100ms and 300ms and the optimal embedding
dimension was L+1 = 11 (Table 4). Therefore, the optimal time lag was higher (~200ms) compared to
the PTS model (~100ms). Nevertheless, the time delayed samples points in the input BTS still
matched the rhythms of the executed movement. As a significant change in the SMR PSD occurs
typically within a 100…300ms time interval during the executed movement (Ball et al. 2008), the
input BTS using a 200ms width time lag can follow the variance of the PSD during the movement.
Figure 15A illustrates the same situation as that described above for the PTS model, this time, based
on real EEG data. In this example, the band-pass filter was applied to two different bands (i.e., low
delta (0.5-2Hz) and low beta (12-18Hz) bands). In order to make the example realistic, the EEG
channel sets, time lag, and embedding dimension were selected based on the values that provided
optimal results in the present study for the datasets have been investigated (see Table 4 in Section 3).

Figure 15. An example of input data set preparation for the PTS model (A1 and A2) and for the BTS
model (B1 and B2) in the case of two different frequency bands (0.5-2Hz and 12-18Hz). EEG channel
sets, time lag, and embedding dimension were selected based on Table 4. The colored lines show the
input signals (i.e., band-pass filtered EEG for the PTS model (A1 and A2) and bandpower values for
the BTS model (B1 and B2)) while the vertical marker lines indicate the selected samples based on
the optimal time lag.
Comparing Figures 14A and 15A similar results are observable for the simulation (Figure 14A) and
for the real signals (Figure 15A) where valuable content is represented by the input PTS if, and only
if, the band-pass filter is applied to the delta band. If movement trajectory relevant information is
coded in the spatiotemporal power pattern of specific EEG bands and the time variance of this
information content match the rhythms of the executed movement, the commonly applied PTS model
has only limited access to this information by filtering out the delta band from the whole EEG
spectrum.
Finally, Figure 15B provides an illustration for the BTS model based on real EEG data and shows
similar results to those obtained for BTS model using the synthetic dataset (Figure 14B). If movement
trajectory relevant information is coded in spatiotemporal power pattern of any specific EEG band,
the BTS model model can detect band specific information by selecting the correct inputs from the
relevant time varying band power time-series.
In conclusion, while the input BTS can reconstruct movement properly from the spatiotemporal
power pattern of any specific EEG sub-band, the PTS model can compose a proper input PTS only
when the low delta band is filtered out from the whole EEG spectrum. As the BTS input pattern
allows access to more specific information we recommend the use of the BTS approach with mu and
beta band activity for MTP BCIs.

Prominent cortical areas
MTP BCI studies report the highest accuracy when the input EEG montage covers the sensorimotor
and parietal cortical areas (Choi 2013; Ofner et al. 2015; Paek et al. 2014). In our study, in line with
the literature, the PTS model was found to cover premotor and supplementary motor area (SMA)
(Figure 10A) whereas the spectrum model was focused on primary motor cortex (M1) and primary
somatosensory areas (S1) (Figure 10C). The difference of the most prominent cortical areas for the
PTS and BTS models in the delta band is comparable by checking Figures 10A and 10B. The
presented topological maps show the prominent cortical areas in the case of the BTS model are shifted
in the posterior direction compared to the PTS results. Nevertheless, it is important to highlight the
topological results are very variant across the three investigated subjects, therefore, the low number of
the subjects limits the analysis in showing any statistically significant difference between topological
results of the PTS and BTS model (Figures 10A, 10B, and 10C).
Prominent bands / Results of the PTS and the BTS model
The identified prominent frequency bands confirmed our expectations (Korik et al. 2015) for both
models. While the PTS model achieved the highest accuracy (R~0.2) in the low delta (0.5-2Hz) band,
the BTS model yielded significantly higher accuracy (R~0.45) across the three subjects typically in
the mu (8-12Hz), and low beta (12-18Hz) bands. The current findings show not only consistency
between classical MC based SMR BCIs and BTS based MTP BCI results wherein the best accuracy is
achieved in similar bands but suggest that replacing the potential values with power values of mu and
low beta bands might improve the achievable accuracy in MTP BCIs.
Inner-outer (nested) cross-validation for MTP BCIs
In this study, we provided a guideline for preparing a proper dataset in the framework of the innerouter CV technique for MTP purposes. We presented the inner-outer CV technique, which is
recommended for MTP studies because it provides an opportunity to separate the optimization,
training, and test steps using a global dataset. We also provided an example of how to ensure
homogeneity in the training and testing data when applying inner-outer CV (Figure 8), which is
essential in order to train the MTP BCI with the same weights for each type of movement.
Limitations and future work
1. We should highlight the present study is limited to reconstructing an executed movement,
however, decoding the trajectory of an imagined movement is possible (Ofner & Müller-Putz 2015).
In the above cited study Ofner & Müller-Putz used low-frequency information to decode imagined
movement. As PSD of the mu and beta EEG bands are changing in a similar way for an executed and
imagery movement (Höller et al. 2013), we expect that the outcomes gained from the BTS MTP
model will be adaptable to an imagery movement based BTS MTP model. Thus, we are currently
testing the BTS MTP model for decoding imagery 3D movement of limbs (Korik et al. 2016). Realtime feedback of imagined limb movement is likely to enhance performance also.
2. The present study was carried out on a limited dataset, including only three subjects and two
runs. We are planning to collect data from additional subjects to further test our hypothesis that the
BTS model provides higher accuracy compared to the PTS model. Although we significantly
improved the accuracy of the MTP by replacing the PTS model (R~0.2) with the BTS approach
(R~0.45), the obtained accuracy rates are relatively low compared to several studies reporting
accuracy rates of R~0.5...0.7 for motion trajectory prediction (Choi 2013; Ofner & Müller-Putz 2012;
Paek et al. 2014), however the target setup of these studies differs from the setup presented in this
analysis. In (Choi 2013) five subjects performed a continuous arm-reaching task with their right arm

in the following sequences: Home-C-A-B, Home-C-D-B, Home-D-B-A, Home-D-C-A where A, B,
C, and D are target positions located around the center Home position in a two-dimensional plane. In
(Ofner & Müller-Putz 2012) five subjects performed continuous self-chosen right arm movements in
the three-dimensional spaces without specified targets. In (Paek et al. 2014) five subjects tapped their
right index finger three times on the target and angular velocity trajectory of the finger metacarpalphalangeal (MCP) joint in one dimension was reconstructed. The difference in the accuracy of our
study compared to (Choi 2013; Ofner & Müller-Putz 2012; Paek et al. 2014) may be as a result of the
different experimental paradigm. In addition our study had six specific targets increasing the
complexity of the task for the user and signal processing framework. There have been no other MTP
with EEG studies to date involving limb movements towards six targets has been reported.
3. Differences in accuracy between our results and those of (Choi 2013; Ofner & Müller-Putz 2012;
Paek et al. 2014) may also originate from a relatively high noise level that was identified in our EEG
records. We are working to improve the quality of our EEG records in order to increase the signal-tonoise ratio (SNR). ICA is applied to remove non-neural artifacts, keeping only EEG relevant
components. It is important to note that an over sensitive ICA component removal could also have an
impact where in some cases executed movement could have some influence on the signals in lowfrequency bands, i.e., actual physical movement distortion on the EEG electrodes, which could be
picked up in studies that report low-frequency band prominence. ICA is not applied in (Choi 2013;
Ofner & Müller-Putz 2012) however in (Paek et al. 2014) ICA was applied where the decoded task
(i.e., tapping only one target with the index finger and decoding one-dimensional angular velocity
profile of the MCP joint) was not as complex as the paradigm presented in our study involving 3D
hand movement between the home and six target positions.
4. As the present study focused only on an mLR model, it will be important to compare the
efficiency of different estimation methods. As brain activity is non-linear, it is plausible to assume
that replacement of the linear regression module with a non-linear estimation method could further
improve the accuracy of the MTP. There is preliminary evidence that feed forward neural network
(NN) can improve performance for MTP BCIs (Korik et al. 2015; Sicard et al. 2014). Future work
will involve investigating improvement in MTP accuracy when mLR methods are replaced with a
non-linear estimation methods such as Kernel Ridge Regression (KRR) (Kim et al. 2014), neural
networks (Coyle et al. 2005; Coyle 2009; Coyle 2013) or self-organization fuzzy neural network
(SOFNN) (Coyle et al. 2009; Coyle & Sosnik 2015; Siddique & Adeli 2013).
The feature selection method applied involves identification of the most prominent cortical areas
and frequency bands but the number of the input parameters (i.e. selected input EEG channels
multiplied by the embedding dimension) is relatively high. The number of inputs has less impact for
mLR-based kinematic data reconstruction as the training provided reasonable high accuracy within a
short time period, but in the case of the more computational demanding multiple non-linear regression
methods, such as neural networks, the number of inputs should be reduced because these methods are
impacted more by the ‘course of dimensionality’ (Priddy & Keller 2005) compared to mLR-based
training (Jang 1993). A more advanced feature selection method is recommended for future with mLR
methods, which can reduce the number of the input parameters by eliminating the redundancy through
mutual information assessment (Coyle 2013) and keeping the most important information in the input
data vector. There are several possible approaches for improving our feature selection method, for
example, applying a PCA based dimension reduction algorithms (Xiao & Ding 2013), or the
distinction sensitive learning vector quantization (DSLVQ) application (Pregenzer & G. Pfurtscheller
1995) among others.

5. Conclusion

In this study, we investigated why low delta band information is commonly found to be predictive
for motion trajectory prediction and mu and beta bands are neglected in 3D limb motion trajectory
prediction BCIs even though mu and beta band activity have been exploited extensively for
distinguishing or classifying of the executed and imagined movement of two or more limbs. We
highlighted a possible shortcoming in the regularly used MTP BCI model, which results in reasonable
accuracy using the time-series of band-pass filtered EEG potentials, only when the filter is applied in
the low delta (0.5-2Hz) band. In contrast, we showed that spatiotemporal power pattern of various
frequency bands (theta, mu, and beta bands) hold significant information about movement trajectory
and this information can be decoded using time varying bandpower with optimal time embedded
parameters and multiple linear regression. We found a significant increase in the MTP accuracy when
the time-series of band-pass filtered EEG potentials (PTS model) was replaced with the time-series of
bandpower values (BTS model). While the PTS based model provided acceptable results only in the
low delta band (0.5-2Hz), the BTS model provided the highest accuracy across three subjects
typically in the mu (8-12Hz), and low beta (12-18Hz) bands. Our results show consistency between
the extensive literature on MC based SMR BCIs and BTS based MTP BCIs as the highest decoding
accuracy for both types of BCI are obtained when similar frequency bands are used.
Although the present study focused on executed 3D movement reconstruction, the ultimate goal is
to decode assumed trajectory of an imagined movement, which is likely to be more challenging
(Korik et al. 2016). It is expected that the findings presented here will have an impact on developing
BCIs, which offer movement-free communication and control.
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