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Abstract: In recent years, low frequency (LF) electroencephalogram (EEG) signals have been
decoded to obtain kinematic trajectories with the aim of achieving closed loop natural control.
However, decoded trajectories suffer variability and low correlation against the measured
movement. This paper suggests that if EEG features of motor intents are directly associated with
fixed points along a given range of motion, then the natural kinematic parameters can be quantified.
A novel classification method is proposed to evaluate this hypothesis along with equations for
obtaining the movement parameters (velocity, acceleration). Furthermore, this implies that the force
of an end-effector and work done in moving the end-effector may be computed, leading to natural
control of EEG-based robotic arms and neuroprostheses. Finally, expectations are that combining
the proposed method with existing classification methods will increase the accuracy and scalability
of brain-computer interface (BCI) applications.

Keywords: kinematic trajectories; movement parameters; natural closed loop control; EEG
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1. Introduction

Loss of motor function caused by stroke, spinal cord injury or other neurological or
neuromuscular diseases generally reduces the quality of life. Researchers continue to push the
boundaries of BCI technology as a means to regain control of devices. So far EEG based BClIs have
successfully been used to control cursors [1], games [2], spelling applications [3], drones [4].
Researchers have also used EEG based BCls for continuous control of robotic arms [5,6], and virtual
arms [7]. However, these BCls do not accurately express the natural kinematic parameters (velocity,
acceleration) of voluntary movement due to low correlation between the measured movement and
decoded trajectories.

Decoding kinematics of natural hand movements from EEG was first reported in [8], three-
dimensional (3D) hand velocity was continuously reconstructed from the LF band of the signals. This
was further confirmed in several studies using linear regression models [9-11], however, only few of
these studies report online decoding. Mondini et al [6] performed the first continuous online control
of a robotic arm with LF-EEG-based decoded movements, obtaining correlations of 0.32 on average
between hand kinematics and decoded trajectories. 3D trajectories of imagined arm movements have
also been decoded online, from spectral density of mu, low beta, high beta, and low gamma EEG
oscillations [7] using multiple linear regression to control virtual arms. However the real-time control
reported was in the range of chance (33.3%).

Recent studies have focused on decoding EEG signals to obtain kinematic trajectories, the
performance of decoding is however subject to scaling limitations and there is also variability in the
decoded trajectories [10]. Sensorimotor rthythm amplitude has also been used for 2D cursor control
[12], robotic arm control [5], however to improve movement, adaptive weights were applied to
minimize the difference between actual and predicted target locations during tasks. Molina-Cantero
et al. [13] controlled a mouse pointer with a single channel EEG. The speed of the mouse pointer was
modulated by users’ attention level, though the minimum and maximum values were pre-defined.
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This paper proposes a classification method for quantifying movement parameters (velocity,
acceleration) rather than decoding EEG signals. The research focused on the alpha (8Hz — 13Hz) and
beta (14Hz — 30Hz) rhythms of the acquired signals. Typical application of the classification method
was described for the control of a virtual slider using band power features. To reduce cost a single
channel EEG was built to acquire signals between 7Hz and 30Hz. Movement parameters were
ultimately controlled by the users’ attention level.

2. Hypothesis and Classification Method

This paper hypothesizes that if the features of motor intents are directly associated with points
along a given range of motion, then the natural kinematic parameters of the motor intents can be
quantified. The classification method followed the statistical analogy of collection, ordering and
analysis of continuous data. Firstly the range of motion of the virtual slider (end-effector) was
determined then the upper and lower limits were defined. The latter was divided to create classes,
each representing a point along the path (Figure 1a). Extracted features were ordered in the classes
after determining class intervals and boundaries of the features.

Kinematic parameters were computed by considering displacement as the distance between the
current and previous class (points along the range), and the time interval between the said
classification. Hence, rather than obtaining kinematic parameters through decoding and
reconstruction from LF-EEG, the classification process provides the basis for their computation.
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Figure 1a. Classification over linear distance Figure 1b. Class-time plot
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3. Evaluation

3.1. Signal Acquisition

A portable battery powered single channel EEG was built to reduce cost, with cut-off frequencies
of 7Hz and 30Hz. Hence attention level was considered between alpha and frequency bands. Wet
gold plated electrodes were used, placed at Fpl and the reference electrode on Al (left mastoid)
considering the international electrode placement 10-20 recommended by the American clinical
neurophysiology society [14].

3.2. Feature Extraction

A digital band pass filter was applied to the raw EEG signal with cut-off frequencies 7Hz and
30Hz. The power distribution across the alpha waves frequency band was obtained using Fast
Fourier Transform (FFT). Power spectral density (PSD) of frequencies within the frequency bands
was calculated by squaring the magnitude of the complex FFT coefficients, and band power was
obtained.
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3.3. Classification

Classes were created after defining the upper and lower limits of the linear distance. The lower
and upper limits represented the first and last classes respectively (Figure 1a). In this study, the
frequencies across the alpha and beta bands (8Hz — 30Hz) were ordered evenly in the classes ensuring
uniform class intervals.

Kinematic parameters of the virtual slider were computed by first analyzing the frequency band
with the higher band power and obtaining the class with the highest PSD within the band.
Afterwards, velocity was obtained by considering rate of change of class (Figure 1b), described by
Equations (1) and (2). Where D; and V; are the displacement and velocity intended by the user, C,
and C; are the current class and the intended class (positions), and t. and t; are the time of
classification of C, and C; respectively.

D; = |G — C| 1)
IC,— C

i= l Cl (2)
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Finally, acceleration was computed as described in Equation (3) as the time rate of change of
velocity. Where 4; is the intended acceleration, and V. and V; are the current and intended
velocities respectively.
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3.4. Discussion

The classification method proposed is a working hypothesis for BCI applications involving
continuous control over a given range (linear, angular), such as robotic arms and neuroprostheses.
The path of the slider represents an approximate attention scale from alpha to beta frequency bands
[15]. Hence the BCI expresses attention level as a point along the linear distance (upper-lower limits).
However, this paper focuses on the movement parameters (velocity, acceleration) of the end-effector.

More so, the force and work done in moving the end-effector may also be obtained as described
in Equations (4) and (5). Where F; is the amount of force intended to be exerted, W; is the amount
of work intended to be done, m is the mass of the end-effector, n is the number of displacements
between the classes and Dy is the final displacement of the end-effector.

Fi = mAi (4)

Wi = %L, [FiDi] ©)

The performance of a classifier developed from the proposed method, may be evaluated by
correlating measured movement against quantified trajectories. Combining a classifier of this sort
with existing classification methods may increase accuracy and scalability of BCI applications.
Finally, applications involving two or more types of features, present an opportunity to explore
Fuzzy logic in the classification process.

4. Conclusion

This paper further pushes the boundaries of noninvasive BCI development by presenting a
classification method for quantifying rather than decoding and reconstructing movement
parameters. Obtaining accurate movement parameters for BCI applications will increase the general
quality of life of people after the loss of motor function. Over the years, decoding EEG signals to
obtain kinematic trajectories has been investigated in both offline and online studies, however,
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decoding performance is subject to scaling limitations and there is also variability in the decoded
trajectory [10].

This paper suggests that features be directly associated with fixed points along a linear or
angular distance, hence the rate of change of features (class) will imply the rate of change of
displacement intended by the user, however, this must be further evaluated. Furthermore, the
obtained parameters may be applied to end-effector tracjectories (position, velocity, acceleration) as
well as grip force, for natural control of EEG-based robotic arms and neuroprostheses.
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