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Abstract

Background: The automatic correction mechanism plays animportantrole in both planning and execution of visually guided movements
in daily life and it could be also as the effective therapy for upper limb motor rehabilitation. Materials and Methods: In this study, a novel
classification method of single trial EEG signals was put forward to recognize automatic correction of finger movement. Results: The
average accuracy of event related potentials (ERP) based feature extraction method for automatic corrections was 80.41%, improved by
about 8% compared with the common method. Conclusion: The novel classification method of automatic correction of finger movement
was effective and it could be applied to neuro-rehabilitation with severe brain injury.
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INTRODUCTION

The automatic correction mechanism allows human to
quickly and involuntarily adjust ongoing hand movementsin
response to the unexpected change of the target's properties
(e.g., location). Some recent studies'® suggested that
automatic correction is mainly mediated by the dorsal visual
pathway and associated with Posterior Parietal Cortex (PPC).
Rehabilitation method based automatic correction
mechanism is worthwhile for helping patients relearn
sensorimotor capabilities by exploiting the plasticity of the
neuromuscular system. Activity recognition as a key step in
the rehabilitation system is commonly investigated by using
wearable sensors (e.g., accelerometer) and somatosensory
devices (e.g., Nintendo Wii, Microsoft Kinect camera)*®. The
EEG-based activity recognition is suitable for testing automatic
correction of finger movement because EEG signals could be
seriously affected by hand movement. Thus, EEG-based
activity recognition is more important for rehabilitation system
due to the fact that wearable sensors and somatosensory
devices are not suitable for patients with severe brain injury
(e.g., stroke) and losing an arm movement.

Classification of EEG signals is a relatively difficult task,
especially the classification is performed on a single trial EEGS”.
Currently, classification of EEG signals commonly relied on
some feature extractions, such as mean value, energy
and autoregressive (AR) model method etc®’. However,
information (e.g., latency and peak voltage) of event-related
potential in the EEG signals are commonly ignored in the
classification system. In addition, although the research
results of EEG signals had been fruitful in brain-computer
interface, it is unclear whether automatic correction can be
recognized accurately. In this study, a method based on
features of event-related potentialis used for the classification
of single trial EEG during automatic correction of finger
movement. A higher classification accuracy was achieved
compare to the common method for EEG signals.

MATERIALS AND METHODS

Data collection: The finger movements were performed by
eleven normal participants, sat in a dimly lit room with their
chin resting on a chin-rest. The classic double-step
paradigm'!®"" was adopted in the experiment in which
participants were explicitly instructed to move the right
hand-cursor to point to the targets through the right
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thumb-stick of a gamepad as quickly as they could. The
experiment consists of 200 trials. In each trial, a target
randomly appeared in one of the two lateral positions, located
left or right of the vertical meridian of the display. On 25% of
the trials, the target changed its position to the second target
position at the finger movement initiation (jump trial). On the
remaining 75% trials, the target remained at its original
location (static trial).

During this process of experiment, EEG data were
recorded using a 64-channel brain products. The EEG data
were sampled at 500 Hz and band-pass filtered between
0.5 and 40 Hz. Eye movements were monitored by additional
bipolar horizontal (hEOG) and vertical EOG (VEOG) electrodes.
A trial started with a 1st period during which a gray
background was presented at the monitor. Then the duration
between the first target presentation and a black square
starting point with a hand-cursor presentation randomly
varied between 1000 and 1500 msec. Moreover, trigger
marker of the first target presentation was recorded. Then,
within a limited time window (<300 msec), participants were
asked to quickly control hand-cursor to point to the second
position using right thumb-stick in jump trials (Fig. 1b),
whereas they need to control hand-cursor to point to the first
position in static trials (Fig. 1a).

Data preprocessing: According to some recent researches of
automatic correction, it is associated with the posterior
Parietal Cortex (PPC). Then, threeimportant electrodes (i.e., Cz,
CPz and Pz) were selected to analyze and recognize the EEG
signals of automatic correction. The data from three channels
werefiltered between 0.5-40 Hz. The EEG signal was corrected
for ocular artifacts with both hEOG and vEOG recordings.

Feature computation: Extracting features as a fairly effective
way that can represent the characteristics of different class
signals have been widely used in all kinds of classification
systems. In classification of EEG signals, some feature
extractions are commonly selected, such as Mean (M),
Standard Deviation (SD), coefficient of variation (SD/M, CV),
Energy (E) and autoregressive coefficient model (AR) etc.

The Mean (M) is the mean value of the frequency domain
over a trial of finger movement. Standard Deviation (SD)
indicates the amplitude variability of a finger movement.

The Energy (E) feature could show the data periodicity of
automatic correction of finger movement. Then, it was
selected to discriminate the class of automatic correction. It is
obtained that:
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Autoregressive (AR) models are used to model the EEG
signal and its parameters also used for identification EEG
signals in some researches''3. The AR model was used to
describe EEG features of finger movements in the study. The
following AR model AR(p) is established for each acceleration
component y(i):

3)

where, a;(j=1,2,---,p), p are the model parameters and model
order of the AR model and e(i) is a white-noises sequence. The
4-order AR coefficients were extracted from each of the three
electrodes of EEG signals in the study.

The correlations between electrodes are especially
useful for discriminating the class of EEG signals of finger
movements. They are calculated between each pair of
electrodes and a covariance between the two electrodes (e.g.,
Cz and CPz) can be given by:
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Feature extractions of event-related potential:
Event-related potential (ERP) is a stereotyped
electrophysiological response to a specific cognitive event
(e.g., attention and action) and it could be reliably measured
using electroencephalography (EEG)'*'. The ERP waveforms
were commonly described by peak amplitudes and peak
latencies and it is not usually visible in the EEG recording of a
single trial (Fig. 2). To see the brain's response to a stimulus
(i.e., ERP), random brain activity (i.e., EEG signals) of many
trials must be averaged and, the relevant ERP waveform are
calculated. Then, it is suggested that the relative features of
ERP of automatic correction areimportant for the classification
of single trial EEG signals.

Given that it is difficult to directly test the automatic
correction of hand movement and to remove the effect of
head and hand movements, relative ERP components of
automatic correction were seldom reported. Thus, ERP
components of automatic correction of finger movement
were first computed. According to some recent studies of
automatic correction, ERP components were analyzed from a
cluster of electrodes located at parietal sites (C1,C2,C3,C4, C5,
C6, Cz, CP1, CP2, CP3, CP4, CP5, CP6, CPz, P1, P2, P3, P4,
P5, P6 and Pz) (Fig. 3a). Figure 3b show the grand-averaged
ERP waveforms for each trial type (jump and static) from the
parietal electrodes in the experiment. The results showed
that N1 and P300 components were found in jump trials
and P300 was not appeared in static trials (Fig. 3b). Two
ERP components were in the following time windows
post-stimulus: N1 (100-200 msec) and P300 (200-400 msec).
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Fig. 2(a-c): Three electrodes of one trial EEG of finger movement
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Fig. 3(a-b): Electrodes used for calculating ERP of automatic correction
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Thus, for each trial, the peak amplitudes (uV) and peak
latencies (msec) in N1's time window (100-200 msec) and in
P300's time window (200-400 msec) were extracted,
respectively from the three electrodes (Cz, CPz and Pz) as the
important features of EEG signals.

In sum, features Mean (M), Standard Deviation (SD),
Energy (E), correlation between axes (C), autoregressive
coefficient model (AR) and feature of event-related potential
(fERP) were combined as a feature-type set F to describe a
single finger movement:

F={M, SD, E, C, AR, fERP} (5)
Classification: According to the design paradigm of our
experiment, two classes of finger movement (i.e., "Static" class
and "Jump" class) were included in the study. Given that
support vector machine (SVM) is well known for its high
recognition performance in binary classes and it is a small
sample size method based on statistic learning theory's, the
authors used the Support Vector Machine (SVM) to classify
the single trial EEG signal of finger movement. The SVM is
originally designed for binary classification in which it
aims at finding the maximum-margin hyperplane using a
transformation that mapping the data from input space to
feature space.

The feature-type sets (F) of finger movements were
calculated and input into the SVM classifier in order to train
and test the classifications of automatic correction. The same
number of samples in the two-class data ("Jump" and "Static")
was selected using the SVM classifier. The 80% total samples
of EEG signals were randomly selected to train the SVM
classifier and the remains were used to test. The classifier was
built five times. The cross-validated classification result is the
average of the five testing results.

In order to compare the performance of the method of
ERP-based features against the common feature extraction
method, feature-type sets with ERP-based features (i.e., {M, SD,
E, C, AR, fERP}) and one without ERP-based features (i.e., {M,
SD, E, C, AR}) were operated respectively by the same steps.
Two methods of feature extractions would be compared
through recognition rate.

RESULTS

Classification accuracy was used to evaluate classification
performance of two type feature sets. The data of behavioral
results without completing automatic correction and those of
bad EEG signal data were removed. The 368 samples (single
trial EEGsignal) of finger movementdatainjumptrials and the
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Table 1: Accuracy of recognition of single trial EEG
Recognition rate (%)

Times ERP-based features (%) Common features (%)
1 80.82 71.23
2 77.40 72.60
3 82.88 74.66
4 79.45 68.49
5 81.51 70.55
Average accuracy 80.41 71.51

same number of samples in static trials were selected. The
data of feature-type sets with ERP-based features and that
without ERP-based features were calculated to check
respectively the recognition performance of SVM. In each of
feature-type sets, 295 samples (i.e., 80% of total samples) of
the two classes ("Static" and "Jump") were randomly selected
to train the SVM classifier and the remaining 20% data were
used to test. The SVM classifier was built five times in the data
of the two feature-type sets. The classification results,
averaged five testing results are listed in Table 1. An average
accuracy of 80.41% was obtained for single trial EEG signals
using the method of feature-type sets with ERP-based
features, whereas one of 71.51% was obtained using the
method of feature-type sets without ERP-based features.
Namely, the average recognition rate of single trial EEG
signals improved by about 8% through the novel feature
extraction.

DISCUSSION

Compare the common method and ERP-based feature
extraction method for recognizing automatic correction of
finger movement in the study. Classification of EEG signals
commonly relied on some common feature extractions (e.g.,
mean value, energy and autoregressive (AR) model method)
at present®®. In this study, the recognition rate of automatic
correction for finger movement is 71.51% with the common
feature extractions method. However, an average accuracy of
80.41% was obtained with ERP-based features method for the
same finger movement. One possible reason for the higher
classification accuracy is that the feature-type sets with
ERP-based features included some more effective features
discriminating the two classes ("Static" and "Jump") of finger
movements compared to the common method. The results
suggested that feature-type sets with ERP-based features
might be used to build a robust and noninvasive Brain
Computer Interface (BCl) system and it could be as a feedback
control signal of the rehabilitation system for patients with
severe brain injury (e.g., stroke).
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CONCLUSION

A classification method of single trial EEG during
automatic correction of finger movement has been presented
in the study. The EEG data of experiments with double-step
paradigm was recorded by Brain Products system. Feature
extraction with ERP-based features, according to the results of
our experiment by ERP components analyzing and one
without ERP-based features were operated respectively by
using the same processing procedure. The average accuracy
of classification for the single trial EEG signals of automatic
correction was 80.41% using ERP-based feature extractions,
which improved by about 8%. The results indicated that
the new classification method of automatic correction of
finger movement was effective and could be applied to
neuro-rehabilitation with severe brain injury.
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